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allowing groups of size 3 in exceptional circumstances.
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Examples:

"I took a peak at the "Six candidates suffice" reading

and want to think about the open question mentioned

at the very end of page 25..."

"I've done some research on X and am curious about

how we can model this as a social choice problem or

incorporate fairness constraints, like in Lecture Y"
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for an unknown utility function .

Input: Empirical probabilities 

Output: The most likely 
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Pluralistic Alignment: Optimize the reward model in a way that explicitly acknowledges

the fact that users have heterogeneous preferences.

Alternative model by Siththaranjan,

Laidlaw, and Hadfield-Menell (2024):

*This is literally standard SCT!
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BTL MLE is equivalent to the Borda count, proof continued

FOC - At optimum, the derivatives with respect to ,  must be zero:

Note that  is an increasing function, and thus so are  and .

Now suppose toward a contradiction that  and , with

at least one inequality strict.

Since  is increasing, , contradiction. ◼



Consequence #1: Distortion

Example (Siththaranjan, Laidlaw, and Hadfield-Menell, 2024)

A company has developed an AI assistant to help high school students navigate

college admissions. They implement RLHF by asking their customers for feedback on

how helpful the chatbot's responses are. Among other questions, this process asks

users whether or not they prefer to see information about the Pell Grant, an aid

program for low-income students. Because the population of customers is biased

towards high-income students, most feedback indicates that users prefer other content

to content about the Pell Grant. As a result, RLHF trains the chatbot to provide less of

this kind of information. This marginally improves outcomes for the majority of users,

but drastically impacts lower-income students, who rely on these recommendations to

understand how they can afford college.
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Example (Siththaranjan, Laidlaw, and Hadfield-Menell, 2024)

A company has developed an AI assistant to help high school students navigate

college admissions. They implement RLHF by asking their customers for feedback on

how helpful the chatbot's responses are. Among other questions, this process asks

users whether or not they prefer to see information about the Pell Grant, an aid

program for low-income students. Because the population of customers is biased

towards high-income students, most feedback indicates that users prefer other content

to content about the Pell Grant. As a result, RLHF trains the chatbot to provide less of

this kind of information. This marginally improves outcomes for the majority of users,

but drastically impacts lower-income students, who rely on these recommendations to

understand how they can afford college.

70 30

a = 1 b = 100

b = 0 a = 1

Suppose n = 100,

a means "No Pell Grant info,"

b means "Yes Pell Grant info"
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2
. ◼
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context ). Even for m = 3 alternatives, even when majorities are consistent with

average utilities ( ), it can be possible that  ranks
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Proposition (Siththaranjan, Laidlaw, and Hadfield-Menell, 2024)

6 3 1

a = 10 b = 3 c = 2

b = 3 c = 2 b = 1

c = 2 a = 0 a = 0
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Consequence #3: Dependence of clones

Procaccia, Schiffer, and Zhang (2025) propose to overcome this by incorporating a

measure of similiarity between responses into the MLE.
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Linear social choice

Restricted setting: The reward model can only depend on features of the alternatives.

Voters and candidates are embedded in  for some known .

The "reward" (AKA utility) of a voter for a given candidate is their inner product

Alternative features: 

Parameter

aggregation

rule

Voter

parameters

SWF

For any parameter aggregation rule based on minimizing a certain kind of loss function

(including BTL MLE), the resulting SWF failes PE and pairwise majority consistency.

Theorem (Ge, Halpern, Micha, Procaccia, Shapira, Vorobeychik, Wu, 2024)


