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AI making societally 
important decisions

• Artificial Intelligence systems are being used to make 
societally important decisions


• Bail decisions


• Healthcare


• Autonomous cars



AI and ethics
• Can AI systems behave ethically?


• Typical ML pipeline:


• How do we incorporate “ethical” thinking?

Data
Machine Learning 

Model

“Fit” data well



Ethics / Moral Philosophy

• What is right and what is wrong?


• How to make decisions that are right?


• Questions studied by philosophers for 1000s of years with 
no consensus formal framework



Three Main Ethical Frameworks

• Deontological: take action according to a specified set of 
rules


• Virtue Ethics: multiple “values” or “virtues”; take action 
that follows these values or virtues


• Consequentialism: take an action that has the most 
desirable future consequences


• Utilitarianism: assign a utility to world states, and take 
action that leads to highest utility



Deontological Ethics
• Rules based (e.g. Ten Commandments)


• Requires a priori specification of ethical rules


• Given a set of rules, or constraints, we can ensure that AI 
actions follow these rules


• Caveat: rules not always available, and when available, 
too broad to be applicable to specific situation 


• e.g. just the ten commandments not helpful for self-
driving car ethics



Virtue Ethics
• Take actions based on values/virtues … Aristotle (and 

others)


• Similar caveats to deontological ethics


• values not always available, and when available (e.g. be 
honest) not always applicable to specific situation


• differing values could conflict (e.g. equality, and 
freedom)


• Ongoing work: virtue ethics driven decision making 



Utilitarian Ethics
• Decision theoretic foundations of machine learning based 

largely on utilitarianism

Data
Machine Learning 

Model

“Fit” data well: involves a loss/utility function

`model(✓, D) : loss i.e. negative utility associated

with model parameter ✓, and data D
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Utilitarian Ethics
• Decision theoretic foundations of machine learning based 

largely on utilitarianism

Data
Machine Learning 

Model Decisions

“Fit” data well “optimal action” involves a loss function

`action(✓, a) : loss i.e. negative utility associated

with model parameter ✓, and action a
<latexit sha1_base64="wQrbtYh0EczaF/LSZbD5H+4v250="></latexit>`model(✓, D) : loss i.e. negative utility associated

with model parameter ✓, and data D
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Example: Finance
Data

Machine Learning 
Model Decisions

“Fit” data well Minimize loss function

Data: past stock prices, Model: for predicting 
future stock price movements


Loss function:  error in predicting future stock price 
movements

Actions: buy/sell x amount of y stock 

Loss function: risk-adjusted return 
of action given stock market 
movements



Loss functions
• But where do we get these loss functions?


• Typically specified apriori, via domain knowledge


• But what would ethical loss functions look like?


• 1000s years of moral philosophy provide a qualitative rather than quantitative picture of 
ethical loss functions


• e.g. if airline has to decide who to not board due to overbooking, how do they decide if 
pregnant woman with two kids is not to be bumped over say a college student? 


• We address this in two ways:


• we learn ethical loss functions from data


• we allow for the fact that there need not be a consensus single ethical loss function, and 
hence learn multiple ethical loss functions and aggregate them in a social-choice 
theoretically optimal way



Trolley problems, ethical 
dilemmas, self-driving cars

• Brakes of self-driving car have failed


• Should it swerve and hit a doctor and a cat?


• Or should it crash into a concrete barrier that will kill all five passengers?

Figure 3: Moral Machine—Judge interface. This particular choice is between a group of pedestri-
ans that includes a female doctor and a cat crossing on a green light, and a group of passengers
including a woman, a male executive, an elderly man, an elderly woman, and a girl.

have an easy-to-interpret tradeo↵ with respect to some dimension, such as gender (males on one
side vs. females on the other), age (elderly vs. young), fitness (large vs. fit), etc., while other
instances have groups consisting of completely randomized characters being sacrificed in either
alternative. Alternatives with all possible combinations of these features are considered, except
for the legality feature in cases when passengers are sacrificed. In addition, each alternative has
a derived feature, “number of characters,” which is simply the sum of counts of the 20 character
types (making d = 23).

As mentioned in Section 1, the Moral Machine dataset consists of preference data from 1,303,778
voters, amounting to a total of 18,254,285 pairwise comparisons. We used this dataset to learn the
� parameters of all 1.3 million voters (Step II, as given in Section 5). Next, we took the mean of
all of these � vectors to obtain �̂ (Step III). This gave us an implemented system, which can be
used to make real-time choices between any finite subset of alternatives.

Importantly, the methodology we used, in Section 6.1, to evaluate Step II on the synthetic data
cannot be applied to the Moral Machine data, because we do not know which alternative would be
selected by aggregating the preferences of the actual 1.3 million voters over a subset of alternatives.
However, we can apply a methodology similar to that of Section 6.1 in order to evaluate Step
III. Specifically, as in Section 6.1, we wish to compare the winner obtained using the summarized
model, with the winner obtained by applying Borda count to the mean of the anonymous preference
profiles of the voters.

An obstacle is that now we have a total of 1.3 million voters, and hence it would take an
extremely long time to calculate the anonymous preference profile of each voter and take their
mean (this was the motivation for having Step III in the first place). So, instead, we estimate the
mean profile by sampling rankings, i.e., we sample a voter i uniformly at random, and then sample
a ranking from the TM process of voter i; such a sampled ranking is an i.i.d. sample from the mean
anonymous profile. Then, we apply Borda count as before to obtain the desired winner (note that
this approach is still too expensive to use in real time). The winner according to the summarized
model is computed exactly as before, and is just as e�cient even with 1.3 million voters.

Using this methodology, we computed accuracy on 3000 test instances, i.e., the fraction of
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Trolley problems
• Variant of the classical trolley problem (Thomson 1985) 

• Different people, especially from different cultures and backgrounds, differ 
with respect to the optimal ethical action


• Moral Machine: dataset collected by collaborators at MIT


• website where individuals could provide their optimal ethical action for 
varying self-driving car trolley dilemmas 


• each dilemma has two alternatives, characterized by 22 features 
(passengers or pedestrians, legality, differing character types (man/
woman/child/cat/…), with varying characteristics (age/gender/…) 


• dataset of responses from 1,303,778 individuals, from multiple countries, 
each with around 14 responses



Utilitarian Ethics

Data
Machine Learning 

Model Decisions

“Fit” data well “optimal action” involves a loss function

`action(✓, a) : loss i.e. negative utility associated

with model parameter ✓, and action a
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Individual Utility Model 

Person A
Decisions

“optimal action” involves a loss function

`A(a)
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Varied Individual Utility Models

Person A

“optimal action” involves a loss function

Decisions

`A(a)
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Person B

`B(a)
<latexit sha1_base64="KLOZAi5tdgUEG/Pur8pHtR+NjwI=">AAAB8nicbVBNS8NAEN34WetX1aOXYBHqpSQq6LHUi8cK9gPSUDbbabt0sxt2J0IJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZelAhu0PO+nbX1jc2t7cJOcXdv/+CwdHTcMirVDJpMCaU7ETUguIQmchTQSTTQOBLQjsZ3M7/9BNpwJR9xkkAY06HkA84oWinoghC9rD6t0IteqexVvTncVeLnpExyNHqlr25fsTQGiUxQYwLfSzDMqEbOBEyL3dRAQtmYDiGwVNIYTJjNT56651bpuwOlbUl05+rviYzGxkziyHbGFEdm2ZuJ/3lBioPbMOMySREkWywapMJF5c7+d/tcA0MxsYQyze2tLhtRTRnalIo2BH/55VXSuqz6V1Xv4bpcq+dxFMgpOSMV4pMbUiP3pEGahBFFnskreXPQeXHenY9F65qTz5yQP3A+fwCdiJDO</latexit>

. 

. 

.

Decisions

. 

. 

.



Aggregation of Utility Models

Person A

`A(a)
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Person B

`B(a)
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Ethical AI via aggregation of 
learned utility models

• Task I: Learn individual utility (or loss) models


• Task II: Aggregate individual utility models to create a 
“consensus” utility model



Learning individual  
utility models

• Random Utility Models (RUM): Given a set A of actions/ 
alternatives, a random utility model U is a stochastic 
process where U(a), for any alternative a in A, denotes the 
random utility (negative loss) associated with alternative a


• Thurstone-Mosteller (TM) RUM: 

• Plackket-Luce (PL) RUM: 

• Parameterized by mean utility parameters 

U(a) ⇠ N (µa,�
2), where µa is mean utility for alternative a
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U(a) ⇠ Gumbel(µa, �), where µa is mean utility for alternative a
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Learning a TM RUM
• Data: pairwise comparisons


• e.g. {5 passengers > cat + doctor}


•  


•  


•  


• Estimator:

{ai � bi}ni=1
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Linear parameterization: µa = h�, ai
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U(a) ⇠ N (h�, ai, 1/2)
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P�(ai � bi) = P(U�(ai) > U�(bi))

= �(�T (ai � bi)) . . . � is the standard normal CDF
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b� 2 arg sup
�

(
nY

i=1

P�(ai � bi)

)
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Learning a TM RUM
• Estimator:

Figure 1: Accuracy of Step II (synthetic data) Figure 2: Accuracy of Step III (synthetic data)

higher sampled utility. Once we have the comparisons, we learn the parameter �i by computing
the MLE (as explained in Step II of Section 5). In our results, we vary the number of pairwise
comparisons per voter and compute the accuracy to obtain the learning curve shown in Figure 1.
Each datapoint in the graph is averaged over 50 runs. Observe that the accuracy quickly increases
as the number of pairwise comparisons increases, and with just 30 pairwise comparisons we achieve
an accuracy of 84.3%. With 100 pairwise comparisons, the accuracy is 92.4%.

Evaluation of Step III (Summarization). To evaluate Step III, we assume that we have access
to the true parameters �i, and wish to determine the accuracy loss incurred in the summarization
step, where we summarize the individual TM models into a single TM model. As described in
Section 5, we compute �̄ = 1

N

PN
i=1 �i, and, given a subset A (which again has cardinality 5), we

aggregate using Step IV, since we now have just one TM process. For each instance, we contrast
our computed winner with the desired winner as computed previously. We vary the number of
voters and compute the accuracy to obtain Figure 2. The accuracies are averaged over 50 runs.
Observe that the accuracy increases to 93.9% as the number of voters increases. In practice we
expect to have access to thousands, even millions, of votes (see Section 6.2). We conclude that,
surprisingly, the expected loss in accuracy due to summarization is quite small.

Robustness. Our results are robust to the choice of parameters, as we demonstrate in Appendix A.

6.2 Moral Machine Data

Moral Machine is a platform for gathering data on human perception of the moral acceptability of
decisions made by autonomous vehicles faced with choosing which humans to harm and which to
save. The main interface of Moral Machine is the Judge mode. This interface generates sessions of
random moral dilemmas. In each session, a user is faced with 13 instances. Each instance features an
autonomous vehicle with a brake failure, facing a moral dilemma with two possible alternatives, that
is, each instance is a pairwise comparison. Each of the two alternatives corresponds to sacrificing
the lives of one group of characters to spare those of another group of characters. Figure 3 shows
an example of such an instance. Respondents choose the outcome that they prefer the autonomous
vehicle to make.

Each alternative is characterized by 22 features: relation to the autonomous vehicle (passengers
or pedestrians), legality (no legality, explicitly legal crossing, or explicitly illegal crossing), and
counts of 20 character types, including ones like man, woman, pregnant woman, male athlete,
female doctor, dog, etc. When sampling from the 20 characters, some instances are generated to
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need very few comparisons  
per voter to learn their preferences

b� 2 arg sup
�

(
nY

i=1

P�(ai � bi)

)

<latexit sha1_base64="wSFwCAq6UsfQygDiKatPnEmMNQc="></latexit><latexit sha1_base64="wSFwCAq6UsfQygDiKatPnEmMNQc="></latexit><latexit sha1_base64="wSFwCAq6UsfQygDiKatPnEmMNQc="></latexit><latexit sha1_base64="wSFwCAq6UsfQygDiKatPnEmMNQc="></latexit>



Aggregating TM RUMs
• Suppose N individuals give their ethical opinions, and for 

each of them, we learn a separate TM RUM 


• How do we aggregate these RUMs


• A reasonable estimator:


•  


• Finds a TM RUM that is closest to average utility (giving 
one vote to each person)


•

{U�i(·)}Ni=1
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Theorem: b�AGG =
1

N

nX

i=1

�i
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b�AGG 2 arg inf
�

KL

 
1

N

NX

i=1

U�ikU�

!
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Ethical Decisions via 
Aggregate TM RUM

Given alternatives {a1, . . . , am}, pick the alternative:

a 2 arg max
{a1,...,am}

EU�AGG(a)

⌘ a 2 arg max
{a1,...,am}

�T
AGGa

<latexit sha1_base64="utZmtGK9orMNRFSfaNY+T+M5PRU="></latexit><latexit sha1_base64="utZmtGK9orMNRFSfaNY+T+M5PRU="></latexit><latexit sha1_base64="utZmtGK9orMNRFSfaNY+T+M5PRU="></latexit><latexit sha1_base64="utZmtGK9orMNRFSfaNY+T+M5PRU="></latexit>

Figure 3: Moral Machine—Judge interface. This particular choice is between a group of pedestri-
ans that includes a female doctor and a cat crossing on a green light, and a group of passengers
including a woman, a male executive, an elderly man, an elderly woman, and a girl.

have an easy-to-interpret tradeo↵ with respect to some dimension, such as gender (males on one
side vs. females on the other), age (elderly vs. young), fitness (large vs. fit), etc., while other
instances have groups consisting of completely randomized characters being sacrificed in either
alternative. Alternatives with all possible combinations of these features are considered, except
for the legality feature in cases when passengers are sacrificed. In addition, each alternative has
a derived feature, “number of characters,” which is simply the sum of counts of the 20 character
types (making d = 23).

As mentioned in Section 1, the Moral Machine dataset consists of preference data from 1,303,778
voters, amounting to a total of 18,254,285 pairwise comparisons. We used this dataset to learn the
� parameters of all 1.3 million voters (Step II, as given in Section 5). Next, we took the mean of
all of these � vectors to obtain �̂ (Step III). This gave us an implemented system, which can be
used to make real-time choices between any finite subset of alternatives.

Importantly, the methodology we used, in Section 6.1, to evaluate Step II on the synthetic data
cannot be applied to the Moral Machine data, because we do not know which alternative would be
selected by aggregating the preferences of the actual 1.3 million voters over a subset of alternatives.
However, we can apply a methodology similar to that of Section 6.1 in order to evaluate Step
III. Specifically, as in Section 6.1, we wish to compare the winner obtained using the summarized
model, with the winner obtained by applying Borda count to the mean of the anonymous preference
profiles of the voters.

An obstacle is that now we have a total of 1.3 million voters, and hence it would take an
extremely long time to calculate the anonymous preference profile of each voter and take their
mean (this was the motivation for having Step III in the first place). So, instead, we estimate the
mean profile by sampling rankings, i.e., we sample a voter i uniformly at random, and then sample
a ranking from the TM process of voter i; such a sampled ranking is an i.i.d. sample from the mean
anonymous profile. Then, we apply Borda count as before to obtain the desired winner (note that
this approach is still too expensive to use in real time). The winner according to the summarized
model is computed exactly as before, and is just as e�cient even with 1.3 million voters.

Using this methodology, we computed accuracy on 3000 test instances, i.e., the fraction of
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Validating Aggregate TM RUM

• Suppose we could conduct a real-time election: faced with a fresh set of alternatives, we ask each one of 
the millions of the voters, get their preferences, and then aggregate to get a consensus winning action


• impractical, computationally expensive


• decision made by aggregate TM RUM mimicked social-choice theoretically optimal aggregation of 
(large sample of) all the voter preferences

Figure 4: Accuracy of Step III (Moral Machine data)

instances in which the two winners match. Figure 4 shows the results as the number of alternatives
per instance is increased from 2 to 10. Observe that the accuracy is as high as 98.2% at 2 alternatives
per instance, and gracefully degrades to 95.1% at 10.

7 Discussion

The design of intelligent machines that can make ethical decisions is, arguably, one of the hardest
challenges in AI. We do believe that our approach takes a significant step towards addressing
this challenge. In particular, the implementation of our algorithm on the Moral Machine dataset
has yielded a system which, arguably, can make credible decisions on ethical dilemmas in the
autonomous vehicle domain (when all other options have failed). But this paper is clearly not the
end-all solution.

7.1 Limitations

While the work we presented has some significant limitations, we view at least some of them as
shortcomings of the current (proof-of-concept) implementation, rather than being inherent to the
approach itself, as we explain below.

First, Moral Machine users may be poorly informed about the dilemmas at hand, or may
not spend enough time thinking through the options, potentially leading— in some cases— to
inconsistent answers and poor models. We believe, though, that much of this noise cancels out in
Steps III and IV.

In this context, it is important to note that some of us have been working with colleagues on an
application of the approach presented here to food allocation [12]. In this implementation—which
is a collaboration with 412 Food Rescue, a Pittsburgh-based nonprofit—the set of alternatives
includes hundreds of organizations (such as food pantries) that can receive incoming food donations.
The voters in this implementation are a few dozen stakeholders: representatives of donor and
recipient organizations, volunteers (who deliver the donation from the donor to the recipient), and
employees of 412 Food Rescue. These voters are obviously well informed, and the results of Lee et al.
[12] indicate that they have been exceptionally thoughtful in providing their answers to pairwise
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Validating Aggregate TM RUM

• Theorem (Stability): If our system picks action a as the 
most ethical action when presented with a set A of 
alternatives, then it will again pick a as the most ethical 
action when presented with a set B of alternatives that is 
a subset of A, if it includes a.


• if the system prefers to save a dog over a cat or a 
mouse, then it should prefer to save a dog over a cat.



Validating Aggregate TM RUM

• Theorem (Swap Efficient): If our system picks action a as 
the most ethical action when presented with a set A of 
alternatives, then if there are two preferences which are 
identical except for swapped preferences between items 
a and b, then more people would have voted for the 
preference order where a is preferred to b.



Summary: Ethical AI
• Machine Learning has a utilitarian foundation


• loss functions (or utilities) for (a) fitting model, (b) making decisions


• We learn per person utilities (loss functions), and aggregate them to form a 
consensus utility


• When doing so in the context of ethical decisions (for trolley dilemmas for self-
driving cars), this results in an automated system that can make ethical decisions 
that represents the “ethical consensus” of millions of individuals


• computationally practical, satisfies strong social choice theoretic properties


• In ongoing work, we are developing ethical AI systems built on virtue ethics, and 
deontological ethics


• and learning more complex human utility models e.g. for suicidal behaviors


