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Abstract. In recent years, the computational social choice commu-
nity has increasingly studied the topic of proportional representation.
This topic is particularly relevant for political elections, with many
countries basing their voting systems on this principle, especially in
Europe. However, the ideas behind proportional representation are
also relevant in many other domains, including applications in artifi-
cial intelligence. We discuss a model of sequential decision making
with proportional rules, and how it can be used for three applications:
for merging the outputs of several large language models, for improv-
ing reinforcement learning from human feedback (RLHF), and for
virtual democracy.

1 Introduction

In the realm of political elections, proportional representation refers
to systems in which voters cast their ballot for a political party, and
seats in parliament are allocated in proportion to vote count. This is
typically achieved using apportionment methods which have become
the subject of beautiful mathematical theory [38, 11, 64, 34]. Propor-
tional representation can also be achieved in settings that allow voters
to cast more expressive ballots. For example, the Single Transferable
Vote (STV) is a method that allows voting for individual candidates
instead of parties. It is used, for example, in Ireland [70]. Another
class of methods based on approval voting were developed in the
1890s in Sweden by Phragmén and Thiele [69, 62, 39].

Starting around 2015, researchers in computational social choice
have begun studying these rules formally [49], by defining axiomatic
representation guarantees [6, 66, 18, 60], proving axiomatic charac-
terizations and impossibilities [58, 44, 48], and by proposing new
rules [59, 5, 7]. They have also extended the concept of proportional
representation to new domains, such as voting for participatory bud-
geting [61, 19, 8, 65] and for budget allocation [9, 17, 31, 30, 2], as
well as rank aggregation [67, 50] and online decision making [47].
In these contexts, proportional representation is usually formalized
as saying that every cohesive group of agents must obtain a utility at
least proportional to the group size. Thus, proportionality becomes a
group fairness guarantee for all groups that have similar preferences.

In this informal article, I will argue that the principle of proportional
representation can also be usefully applied to classic and emerging
applications in Artificial Intelligence. An example of a classic AI topic
is clustering, where these ideas lead to proportionally fair clustering
[24, 53, 52, 42], in which any collection of sufficiently many similar
data points is guaranteed to be matched to a nearby centroid. I will
explain how proportionality can improve three emergent kinds of AI
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applications: (1) mixing the outputs of generative AI models, (2) train-
ing preference models (such as the ones used as part of reinforcement
learning from human feedback (RLHF)) based on labels provided by
diverse decision makers, and (3) the model of “virtual democracy” in
which voters are represented by preference models that cast votes on
their behalf.

For each of these applications, I will argue that a natural starting
point for reasoning about proportional representation is provided by
a model I recently studied with my coauthors Nikhil Chandak and
Shashwat Goel at AAAI 2024, titled Proportional Aggregation of
Preferences for Sequential Decision Making [23]. I will begin by
briefly explaining our model and then explain how it can be used for
the three AI applications mentioned.

2 Sequential Decision Making
We consider a set R = {1, 2, . . . , T} of T rounds. In each round j ∈
R, we need to make a decision, by selecting exactly one alternative
from a set Cj of alternatives available in round j. Depending on the
context, the rounds may happen sequentially and we may not know
in advance what alternatives will be available in each round (giving
us an online setting that is also known as perpetual voting [46]), or
the rounds could indicate separate issues that do not have a temporal
character and that are known from the start (giving us an offline setting
that is also known as public decision making [26, 4]).

We will want to make our decisions based on the preferences of
a set N = {1, 2, . . . , n} of voters. These preferences could take
many forms, such as a cardinal (i.e., numerical) utility that each voter
assigns to each alternative. However, in our initial work [23], we focus
on the simple case of approval votes, where each voter just indicates
in each round which alternatives the voter approves. This is equivalent
to binary 0/1 utilities. We will represent these preferences as approval
sets Ai

j ⊆ Cj , one for each agent i ∈ N and each round j ∈ R,
consisting of alternatives in round j approved by voter i.

A voting rule is given as input the sets of available candidates and
all voters’ approval sets, and must make a decision in each round, giv-
ing rise to a decision sequence D = (d1, . . . , dT ) ∈ C1 × · · · × CT .
In the online setting, the information about the next round (i.e.,
the available alternatives and the approval sets) may only be re-
vealed to the voting rule after the decision for the current round
has been finalized. Given a decision D, for a voter i ∈ N , we write
U i

D = |{j ∈ R : dj ∈ Ai
j}| for the number of decisions in D that i

approves, and we treat U i
D as i’s utility.

Phragmén’s rule is a voting rule was first proposed in 1894 in the
context of parliamentary elections [62, 39] but which can be naturally
adapted to work for sequential decision making [47]. On a high level,
this method works by keeping track how often each voter was happy
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with decisions taken in the past, and in the next round will make a
decision that is popular with voters who have not yet approved many
decisions. We have shown that Phragmén’s rule satisfies the axiom
of strong Proportional Justified Representation (strong PJR) [21]. In
particular, this axiom requires that if there is a group of 30% of all
voters who are cohesive (in each round, they commonly approve at
least one alternative) will be satisfied by the decision in at least 30%
of the rounds. It provides appropriately weaker guarantees to groups
who are cohesive in only some of the rounds.

3 Merging Outputs of LLMs

Large language models such as GPT-3 and GPT-4 [1, 20] work by
generating text sequentially, at each step proposing a probability
distribution over the next token (typically a fragment of a word). The
models are pretrained on large text corpuses and later fine-tuned and
adjusted via preference models to exhibit desirable behavior [22].
They can be further adjusted at runtime via their system prompts.
These steps can lead to models with different “personalities” and
different strengths.

One can imagine a variety of situations in which a user might want
to use several of these models simultaneously to be able to combine
their strengths. Some user interfaces allow this by sending the user
prompt to several models and showing their outputs side-by-side.
But one could instead offer to combine the outputs of the models
by letting models vote over the next token. Specifically, given a user
prompt, we could query each model for their suggested probability
distribution of the next token and interpret this as a vote (for example,
by letting the model “approve” all tokens above a certain threshold
probability). Then a voting method such as Phragmén’s rule would
select the winning token. We then repeat the process by re-querying
the models for the following token. Note that the different models can
easily be assigned different weights according to user preferences.

Here are some scenarios in which this approach could prove useful:

• Tool choice: Products such as ChatGPT use models that have access
to several tools such as code interpretation, image generation, and
web searching. Users differ in their preferences regarding how
often each of these tools should be applied. Using an appropriate
system prompt, one could obtain an ensemble of models, one for
each tool, each instructed to use their assigned tool as often as
possible when it is appropriate. The user could then assign weights
to the individual models to control the frequency with which each
tool is used.

• Compromise documents: For drafting documents that should reflect
a compromise between different members of a committee (e.g.,
a governmental body), one could instantiate a model for each
member, instructing it to include as much as possible the views of
that member in the produced document.

• Ethical decision-making in AI: For LLMs that are used as agents
that take high-stakes actions automatically, it is important to ensure
its decisions are ethical [16]. One could consider using models
tuned to different ethical frameworks to generate responses to
ethical questions, ensuring proportional representation of various
moral perspectives.

• Avoiding hallucinations: In principle, one could hope that a voting
approach would increase the overall capability and accuracy of the
system. In particular it could reduce hallucinations [40] (responses
containing false information presented as facts), for two reasons:
First, models predicting the correct answer may assign higher con-
fidence to their suggested tokens. Second, different hallucinating

models would likely produce different completions, while those
generating factual statements are likely to agree with each other
and thus be boosted by the voting process.

In the first three suggested applications, using a proportional voting
rule is important to accurately reflect the range of the models that are
voting. For the last application, theoretically one might expect majori-
tarian rules to produce more accurate outputs; it could be worthwhile
to compare proportional and majoritarian rules in this context.

There are many challenges to address, though. One class of chal-
lenges concerns the process of creating the individual voter models
and ensuring that they behave as expected (correctly implementing
their assigned “role”), which would involve some prompt engineer-
ing. For contexts involving ethical decision making, deciding on the
weights of the models also involves difficult questions. But there are
also several technical challenges with implementing this approach:

• Unit of voting: To perform the voting step, we need to decide
whether to aggregate models’ views on tokens or to use larger units
such as words, sentences, or paragraphs. Using tokens is a natural
choice given how the models work internally, but it will make it
difficult for lower-weight models to generate coherent passages
containing the views of that model, since they can be overruled by
higher-weight models mid-sentence. Using tokens also makes it
difficult to combine models that internally use different tokenizers
(each training company tends to use its own tokenization scheme,
and updates them over time). On the other hand, using larger units
comes with its own problems. In particular, it would become un-
likely that the same sentence would receive votes from more than
one model (even if that is because they chose minor wording dif-
ferences). This would severely reduce any efficiency gains from
voting by weakening its ability to discover agreement between
different perspectives.

• Conditioning: In LLMs, the predicted next token depends on all
the tokens that came before it. Thus, the outcomes of the votes
in prior rounds affect the voting patterns in future rounds. This is
desirable to produce coherent outputs. However, consider a lower-
weight model that was tasked with incorporating a certain view or a
certain style in the outputs, but which “lost” in many of the previous
rounds of voting. That model might look at the text that has been
generated thus far and conclude that in this instance, it appears to
have decided not to press its point of view. It might therefore tend
to “vote with the majority” in future rounds. For a toy example,
suppose one of the models has been instructed to enrich its answers
with as many emojis as possible. However, it might happen that
hundreds of tokens get generated without any emojis. The model
might then prefer not to add emojis in future rounds, since this
would reduce the consistency of the overall answer. It is unclear
how best to deal with this effect, and how big it is.

• Cost efficiency: Running an ensemble of n LLMs will cost at least
n times as much as running just a single model. In fact, it might cost
a lot more, especially when depending on APIs. Common APIs
don’t allow adaptive querying and so require a new call for each
round of voting, including retransmitting the entire context each
time. It would be interesting to find cheaper methods to implement
the voting approach.

A final technical challenge is that the proportional methods we have
studied [23] take as input approval sets, while in the present context it
would be more natural to directly take the token probabilities (logits)
as input. Thus, it would be interesting to study generalizations of the
sequential decision making model to such more expressive input types.
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Overall, it would be exciting to develop some prototype applications
to determine the feasibility of the approach and to get a better sense
of how voting leads to changes in the outputs of LLMs.

4 RLHF

Reinforcement learning from human feedback (RLHF) [25] is a
method used by the major AI labs to align and steer their large lan-
guage models. A typical instantiation involves human labelers being
presented with a prompt and possible responses to that prompt. They
are asked to indicate their preferences over these responses, such as
via pairwise comparisons. These labels are then used to train a prefer-
ence model which is used to specify rewards used in the reinforcement
learning process. RLHF aims to get the model to output responses
that would have received favorable evaluations from the preference
model, and hence from the human labelers.

The literature has identified several limitations and challenges to
RLHF, as it is currently implemented. A recent survey about open
problems in RLHF by Casper et al. [22] explains (Section 3.2.1):

RLHF is typically formulated as a solution for aligning an AI
system with a single human, but humans are highly diverse in
their preferences, expertise, and capabilities [15, 57]. Evaluators
often disagree: Stiennon et al. [68], Ouyang et al. [56], and Bai
et al. [10] report annotator-annotator and annotator-researcher
agreement rates from 63% to 77%, while Biyik and Sadigh
[14] find distinct clusters of human feedback. Attempting to
condense feedback from a variety of humans into a single re-
ward model without taking these differences into account is
thus a fundamentally misspecified problem. Moreover, current
techniques model differences among evaluators as noise rather
than potentially important sources of disagreement [13]. As a
result, when preferences differ, the majority wins, potentially
disadvantaging under-represented groups [63, 32, 43].

The authors of the survey [22] suggest that this issue could be
“improved by algorithms that explicitly model multiple evaluators [35,
29, 28, 36, 12], that tune models to individuals [45], or that use
more sophisticated aggregation strategies [55]”. In a recent position
paper by Conitzer et al. [27] titled “Social Choice Should Guide AI
Alignment in Dealing with Diverse Human Feedback”, the authors
argue that “methods from social choice should be applied to address
questions such as which humans should provide input, what type
of feedback should be collected, and how it should be aggregated
and used.” In particular, they suggest that incorporating a collective
decision making step can address some of the shortcomings of RLHF
when it comes to incorporating diverse preferences. Conitzer et al.
[27] term this approach “Reinforcement Learning from Collective
Human Feedback” (RLCHF). It involves letting several human raters
rank responses to the same prompt and then aggregating their rankings.
These aggregates are then used to train the preference model.

However, the RLCHF approach as described does not address the
issue identified by Casper et al. [22] that the majority wins and mi-
nority groups may be under-represented. This is because the RLCHF
proposal involves ranking aggregations that are done independently
across prompts. Thus, a majority of raters with similar opinions might
“win” in the aggregation again and again on many input prompts. For
example, suppose that a majority of 60% the raters strongly dislikes
emojis, while a minority of 40% enjoys them. The majority will al-
ways vote against emoji-containing responses, and standard social
choice methods will implement majority wishes. Hence 100% of the

aggregated rankings will advise against emojis, even though this is a
position held by only 60% of the population.

To address this concern, one could use a proportional aggregation
method. Each prompt becomes a “round” in which the raters give their
preferences over possible responses. Crucially, in this approach, we
keep track of how the same rater responded across different prompts,
rather than treating them separately. In the toy example, we would
expect that on about 40% of prompts, this approach would recommend
the inclusion of emojis.

To understand whether and how proportional representation is use-
ful for improving RLHF, a lot of work needs to be done. For starters,
we need preference datasets where preference judgments are anno-
tated by the identity of the labeler, so we can link their responses
across prompts. Once such a dataset is assembled, we need to adapt or
design aggregation rules that are compatible with the dataset. We can
then test whether using proportional methods affect the behavior of
the trained model, or whether perhaps proportionality goes “missing”
in some step of the procedure, such as when fitting the preference
model or during RL. On a more conceptual level, it would be inter-
esting to think about what proportionality should mean in a setting
like this, where “preferences” refer to a mixture of objective quality
judgments (which response correctly answers the questions?) and
subjective preferences (which response do I like more, or better re-
flects my values?). It would also be worth formally studying questions
about elicitation of preference judgments, since each labeler can only
consider a small number of prompts, and how elicitation interacts
with the proportionality goal [37, 18].

5 Virtual Democracy

In the preceding two sections, we have discussed how social choice
and proportional representation can be useful in the context of training
and using large language models. But more fundamentally, the most
natural way to combine social choice theory with AI agents is to
use AI to let voters “outsource” the tasks of forming and reporting
preferences. These tasks can be handled by preference models that
have been trained previously on the opinions of that voter. This is
particularly interesting in cases where a group of people need to make
an extremely large number of decisions, and where automation is the
only way to do collective decision making at scale. This idea has been
termed virtual democracy [55, 41].

The basic procedure is that we initially learn voters’ preferences
over a space of potential alternatives (specified by feature vectors),
for example based on pairwise comparisons. After preference models
are trained, each decision is made by letting the models vote on
the decision maker’s behalf, by predicting their preferences. This
approach has led to proof-of-concept systems that automate moral
decisions faced by autonomous vehicles [55], kidney exchanges [33],
collective decision making directly from natural language preferences
[54] and allocation of food donations [51]. However, a recent paper
by Feffer et al. [32] points out that the voting rule adopted by many of
these papers may lead to a “tyranny of the majority”: if a majority of
voters have similar preferences, those preferences will prevail at every
future decision. In our paper on sequential decision making [23], we
show preliminary evidence that using proportional voting methods
could avoid this issue. We obtain this evidence by loosely following
the experimental setup of Noothigattu et al. [55]. They used the moral
machine dataset [3] which consists of moral judgment reported by
millions of participants in the context of a self-driving car getting into
a crash. They train a preference model for each participant and then
let these models vote on future moral judgments. In our experiment,

D. Peters / Proportional Representation for Artificial Intelligence 29



we use proportional voting methods to implement the voting step, and
find that this leads to decisions that take multiple perspectives into
account, while Borda-style voting methods such as the one trialled by
Noothigattu et al. [55] make majoritarian choices. Similarly, we find
that if instead of training an individual preference model, we train a
single preference model on a combined dataset of all responses, we
again obtain more majoritarian decisions.

6 Conclusion

We have seen several possible applications of the principle of pro-
portional representation to current topics of interest in artificial in-
telligence. I have suggested that voting rules for sequential decision
making appear useful for many of these topics. I hope this inspires
further work on this model, both theoretically and through evaluation
of different rules on real data and models.
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