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ABSTRACT

Both people and Al make decisions based on their innate/learned
social values. These are often complex and difficult to elicit directly.
We propose a comparison-query framework for eliciting welfare
(or malfare) concepts that e-approximately recovers the underlying
power-mean concept using only a logarithmic number of queries in
the search space. Experiments with large language models demon-
strate that the approach converges rapidly and reveals informative
differences in LLM social preferences.
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1 INTRODUCTION

Large Language Models (LLMs) [3, 9, 12] demonstrate exceptional
capabilities in various natural language processing tasks, such as
question-answering and reasoning; their decision-making processes
are often guided by training on massive and diverse sources of data,
as well as interactions with their users. Recent investigations show
that these systems may also exhibit social biases in their responses
[5, 7, 11]; a notable recent example is Grok, the AI chatbot used
on the social media platform X. Following a software update, Grok
started exhibiting alarming behavior, spewing hate speech and
idolizing Adolf Hitler [4]!. Were there any underlying social values
that Grok was following at the time? Prior efforts to reduce model
bias focus on fine-tuning models via specific datasets. Recent works
[10, 13] indicate that LLMs can adopt various personas based on
user instructions. However, the fundamental question remains: do
LLMs maintain consistent social values?

Ithe issue has since been fixed.
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Social dilemmas are a well-studied method of recovering social
preferences: users are presented with a sequence of questions, each
asking them to rank two alternatives [1, 2, 8]. We can now apply
these methods to recover the social preferences of LLMs. Our goal
is to design an economically grounded and algorithmically efficient
method that

elicit social justice concept via iterated social dilemmas.

Our Contributions. We propose a framework for malfare concept
elicitation via a sequence of comparison queries, formulating elici-
tation as a search task in which a decision maker selects preferred
options. For power-mean malfare concepts, our method achieves
logarithmic query complexity, establishing matching upper and

lower bounds of ®(log %) queries to obtain an e-accurate esti-
mate when the true power mean value p* is in the interval [p, q].
We further present a lightweight sampling scheme for generating
binary social dilemmas and demonstrate experimentally, across
several LLM frameworks, that the elicitation procedure converges
rapidly and offers insights into the social preferences of various
LLM frameworks, highlighting the practical effectiveness of our
approach.

2 MALFARE POWER-MEAN ELICITATION VIA
APPROXIMATE SEARCH

A decision-maker (or actor) evaluates outcomes using some loss
(or malfare) function M* : O — Ry, where each outcome o € O
induces disutilities s;(0) > 0 for entities G = {1,...,n}; when the
outcome is clear from context, we write sy for brevity. We assume
that M* belongs to the weighted power-mean family

M7 (0) = Mp+(s;w) = Z wgsp ,
geG

where the weight vector w is known and the aggregation parameter
p* = 1is unknown. The elicitation task therefore reduces to identi-
fying the latent parameter p* using adaptive outcome comparisons.

We introduce the Approximate Search with Binary Queries (ASBQ)
framework, a extended version of binary search to elicit a mal-
fare concept M that ¢-approximates M* the decision-maker’s true
malfare concept. Due to the nonlinear relationship between p and
Mp(s; w), rather use #; distance between p, we define the supre-
mum distance metric to gauge the difference between power mean
concepts.
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Definition 2.1 (Supremum Distance on Malfare Concepts). Given
two malfare functions M(-) and M (+), their supremum distance is
A (M(), M () = sup|M(o) = M (o).

0€0

If both M and A\" are power means with the same weight vec-
tor w, ie, M(:) = Mp(;w) and M/'(-) = Mgy(;w), we simply
write A (p,;w) = A(Mp(;w),Mg(+;w)). Let W denote the set
of all potential partial sums for the weights vector w, i.e, W =
{Zierwi | I €{1,2,...,9}}. Given two power mean values p >
q > 1 and a weight vector w, the supremum distance between
power mean values is characterized by

A(p,gw) = sup. Y — 4w 1

Since the supremum operation is subadditive rather than linear,
bounding the required number of search queries (the query complex-
ity) is challenging. To address this issue, we introduce the Additive
Supremum Distance Measure Aq, which upper bounds the supre-
mum distance A.

Definition 2.2 (Additive Supremum Distance Measures). Let R be
R U {#c0}. A function Ap (-, ;w) : RXR X Ay — Ry, is an additive
supremum distance bound function if for allw € Ap, the following
properties hold:

(1) Dominance: Aq (p,g;w) = A(p, q;w);

(2) Additivity: Aq(p, g;w) = A (p, 15 w) + A (r, g w);

(3) Symmetry: Ay (p, g;w) = Ap(g, psw).
The (unique) additive supremum distance function AT (+, ;w) satisfies
properties (1)—(3), as well as:

’

(4) Minimality: for any other function AT satisfying properties
(1)-(3) above: A’f(p, qw) < A% (P, g;w).

Let N:(p, ¢;w) be the number of queries required to find an &-

approximation of My~ within the interval [p, q], assuming that

p* € [p,q]. We derive the following asymptotic bounds for the
query complexity.

THEOREM 2.3 (MINIMAX QUERY COMPLEXITY BOUNDsS ON A).
Given two power mean values p > q > 1, a weight vector w and

I

’710g2 "% - IH < Ne(p,gsw) < ’rlog2

In addition, there exists some €y such that for all e < ¢y:

AL (P g;w)

A (p.gsw)
2e

+0(1).

Ne(p,gw) = {logz

Furthermore, with g — oo and uniform weights on each group:
1 1 1
Ns(P)q;<—,... >):®(logm)
g £

g
3 EXPERIMENTS

We evaluate our ASBQ framework on several large language models
(LLMs): GPT 4.1 (GPT-4.1-2025-04-14), Gemma 3 (Gemma-3-27b-it),
and Meta’s Llama 3 (Llama-3.3-70B-Instruct) and 4 (Llama-4-Scout-
17B-16E-Instruct) with the sampling temperature to 0 for all models.
We conduct 100 experiments with search initialized at p = 1 and
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Figure 1: p-value distribution across models. Each bar denotes the
number of instances that converged to a p* value that is at most the
value indicated on the x axis. L13 denotes the Llama-3 model; L14 is
the Llama-4 model; Gem is the Gemma-3 model, and GPT4 is the
GPT-4.1 model.

p = 0. In all of our experiments, we set the error parameter to be
e=10"%

For each experiment, we present the social dilemma with fix the
group weights to the LLM and, given the LLM’s responses, itera-
tively generate outcome pairs characterized by group disutilities.
By varying the weights across runs, we probe the robustness of the
LLM’s preferences under different contextualizations of the same
underlying scenario.

Our experimental design is guided by the following hypotheses:

(H1) LLMs converge to consistent malfare concepts when evalu-
ated under the ASBQ elicitation framework.
(H2) Different LLMs exhibit similar malfare concepts.

On average, our ASBQ framework takes < 10 queries to identify
an approximate power mean within ¢ = 10~ error, and no more
than 25 queries in total.

Results. Our key observation is that the p* value that we con-
verge to is initialization-dependent. In the disaster relief scenario,
when we initialize the search with p = 1, all LLMs converge to
approximately utilitarian power means (Figure 1a). However, when
presented with the same scenario but initializing p = oo, LLMs
tend to be more egalitarian (Figure 1b). Intuitively, the scenarios we
initially generate tend to make the LLMs ‘stick’ to their initial posi-
tion, rather than align towards a consistent concept of justice. This
could be explained by the sycophantic tendency of LLMs [6]; LLMs
tend to appease users, adhering to positions they believe the user
wants to hear. Addressing this issue requires a different approach
to model evaluation; for example, injecting additional ‘noise’ into
the scenario generation by asking the LLMs to answer a number of
random social dilemmas, in order to avoid this anchoring effect. Our
results rejects Hypothesis (H2); LLMs exhibit significantly different
behaviors across scenarios; for example, in the disaster scenario,
Llama 3 and Gemma 3 take a more utilitarian approach than Llama
4, which tends more egalitarian.
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