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ABSTRACT

In human society, collective decision making has often outperformed the judgment of indi-
viduals. Classic examples range from estimating livestock weights to predicting elections
and financial markets, where averaging many independent guesses often yields results
more accurate than experts. These successes arise because groups bring together diverse
perspectives, independent voices, and distributed knowledge, combining them in ways
that cancel individual biases. This principle, known as the Wisdom of Crowds, underpins
practices in forecasting, marketing, and preference modeling. Large Language Models
(LLMs), however, typically produce a single definitive answer. While effective in many
settings, this uniformity overlooks the diversity of human judgments shaping responses to
ads, videos, and webpages. Inspired by how societies benefit from diverse opinions, we
ask whether LLM predictions can be improved by simulating not one answer but many.
We introduce Social Agents, a multi-agent framework that instantiates a synthetic society
of human-like personas with diverse demographic (e.g., age, gender) and psychographic
(e.g., values, interests) attributes. Each persona independently appraises a stimulus such as
an advertisement, video, or webpage, offering both a quantitative score (e.g., click-through
likelihood, recall score, likability) and a qualitative rationale. Aggregating these opin-
ions produces a distribution of preferences that more closely mirrors real human crowds.
Across eleven behavioral prediction tasks, Social Agents outperforms single-LLM base-
lines by up to 67.45% on simple judgments (e.g. webpage likability) and 9.88% on com-
plex interpretive reasoning (e.g. video memorability). Social Agents’ individual persona
predictions also align with human judgments, reaching Pearson correlations up to 0.71.
These results position computational crowd simulation as a scalable, interpretable tool for
improving behavioral prediction and supporting societal decision making.

1 INTRODUCTION

”The many, of whom none is a good man, may yet, when joined together, be better than those few.” - Aristotle

The idea that aggregated opinions can surpass the accuracy of a single expert has fascinated thinkers since
antiquity. Aristotle captured this insight in Politics (350 BCE) (Aristotle, 2009), observing that ordinary
people, taken together, can judge music, poetry, and politics better than trained critics, since each notices
a different aspect. He emphasized that diversity of skills, experiences, and insights enhances the quality
of collective judgment and decision-making. This early recognition laid the groundwork for what modern
scholars now call the wisdom of crowds (Schwartzberg, 2016).

A classic empirical demonstration came from Galton’s 1906 analysis of a livestock fair, where nearly eight
hundred participants estimated the weight of an ox. Although individual guesses varied widely, the me-
dian was within one percent of the true weight, outperforming even the best single estimate and showing
robustness to outliers (Galton, 1907). Building on this, Surowiecki (2004) popularized the idea that group
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Figure 1: Social Agents are grounded in the principle of theWisdom of Crowds, the idea that collective judgments
can outperform individual ones when based on the four key ingredients: (i) Diversity of opinion, (ii) Independence,
(iii) Decentralization, and (iv) Aggregation (Surowiecki, 2004). As shown in the �gure, to capture diversity of social
perspectives in webpage likability judgments, we elicit evaluations from �ve personas varied across age (to re�ect
generational viewpoints), profession (to represent occupational contexts), and social preferences (to capture differences
in values and tastes). Each persona offers independent ratings and rationales, ensuring varied perspectives, which are
then aggregated into one collective verdicts.

decision-making can outperform individuals when four conditions hold (Figure 1): diversity of perspec-
tives, independence of judgment, decentralization of knowledge, and proper aggregation. Over the past two
decades, these principles have been applied in practical systems. One example is Best Buy's 2005 internal
prediction market, Tag Trade, where employees used virtual currency to bet on outcomes such as holiday
gift-card sales. The market's forecast proved accurate, missing actual sales by just 0.6% (Haas et al., 2016).
Modern platforms like Polymarket apply the same principles, showing how collective estimation can surpass
experts.

We have seen that the wisdom of crowds can yield remarkable accuracy across domains ranging from live-
stock competitions to geopolitical forecasting. Yet these successes have relied on human participants, which
imposes limitations: assembling and incentivizing large groups requires sustained effort, is costly to scale,
and cannot easily be applied to every decision-making scenario.

As large language models (LLMs) grow more capable, recent systems such as GPT-4o (Hurst et al., 2024)
and DeepSeek-R1 (DeepSeek, 2024) now perform complex reasoning tasks once reserved for humans, ex-
celling in mathematics, code generation, and cross-modal analysis. Many are pretrained on user forum data
such as Reddit and other discussion platforms (Radford et al., 2019; Gokaslan & Cohen, 2019; Demszky
et al., 2020), giving them an implicit grasp of how personas behave and how individuals with speci�c psy-
chographic interests interact. For example, (Santurkar et al., 2023) demonstrated that persona prompting can
steer LLMs to respond in the voice of a given persona across social and opinion-related questions. Similarly,
(Tess et al., 2025) showed that persona prompting allows LLMs to serve as proxy users in psychological
and social studies. Together, these studies suggest that when steered to adopt a particular persona, LLMs are
capable of embodying that perspective and generating responses consistent with it.

While the wisdom of crowds reliably produces accurate judgments with human groups, scaling it in practice
remains costly and logistically dif�cult. LLMs, however, can be steered to act as human-like participants
through persona prompting, providing a scalable way to operationalize the wisdom of crowds in synthetic
settings. This motivates our central question:“Can the wisdom of crowds be scaled to LLMs, where each
instance embodies a distinct persona and their aggregated responses improve the predictive and reasoning
performance of language models?”
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Figure 2: Overview of the Social Agentswork�ow for Ad Click-Through Rate (CTR) Prediction. Given an
advertisement (top-left), our framework computes its embeddings and retrieves the top-K semantically similar ads
from a repository of ad embeddings. These serve as few-shot examples that aid CTR prediction. APersona Agent
Factory (bottom-left) contains personas de�ned by demographic attributes (e.g., age, gender) and traits (e.g., interests,
occupation), following templates in Appendix Table 2. From this pool, themoderatorselects a diverse panel ofN
personas and instantiates separate LLM agents for each. Each persona agent outputs a CTR percentile (0-100) with a
brief rationale. The right-hand side shows the moderator aggregating these predictions via mean to produce a single
CTR percentile, with a collective rationale that is compared against the ground-truth CTR percentile.

Social Agents.We introduce Social Agents, a synthetic crowd intelligence framework that operationalizes
the wisdom of crowds principle with ensembles of LLM-based human-like agents. These agents are delib-
erately diverse in demographic and psychographic characteristics, ensuring a wide range of perspectives. To
preserve independence and avoid groupthink, they are prompted separately. Each agent grounds its reasoning
in its assigned pro�le, providing a decentralized basis for judgment. Their outputs are then aggregated into
a collective outcome. In this way, Social Agents capture the four classical pillars of the wisdom of crowds:
diversity, independence, decentralization, and aggregation, demonstrating that collective intelligence can
improve LLM predictions. This aggregation also offers three advantages. First,error cancellationoccurs
when individual errors offset, bringing the aggregate closer to ground truth. Second,robustness through di-
versityarises as heterogeneous perspectives guard against systematic bias and outliers. Third,interpretable
communal dynamicsemerge from the distribution of rationales, revealing drivers of consensus and disagree-
ment. Each agent functions as a simulated evaluator with a unique pro�le, providing quantitative predictions
and qualitative justi�cations. Aggregating these via a simple mean mitigates variance and bias, improving
the accuracy and reliability of population-level predictions.

We conduct a comprehensive empirical evaluation of Social Agents across a suite of challenging tasks. To
ground this evaluation, we draw on Construal Level Theory (CLT) (Trope & Liberman, 2010), which posits
that psychological distance across temporal, spatial, social, and hypothetical dimensions systematically af-
fects how people represent events. CLT suggests that judgments vary in abstraction: near tasks involve
immediate, surface-level evaluations, while distant tasks require deeper semantic elaboration and abstract
reasoning. For example, it is straightforward for a user to judge the likability of a webpage based on per-
ceptual cues such as color or layout (a low-level construal), whereas predicting whether the same webpage
will be remembered weeks later demands high-level construal, engaging memory, causality, and persua-
sion. Following this framework, we select 11 diverse tasks spanning the CLT spectrum, including low-level
predictions such as click-through rate, tweet engagement, and topic or action classi�cation; medium-level
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predictions such as return on ad spend; and high-level constructs such as long-term memorability, causal
reasoning, persuasive intent, and emotional response.

Following the wisdom of crowds principle, where collective judgments outperform individuals and often
experts, our primary comparison is between Social Agents and aNo-Personavariant, where a single LLM
expert agent is prompted as a domain specialist under the same 5-shot setting (zero-shot for Behavioral
Attribute Classi�cation). We further compare against expert state-of-the-art task-speci�c trained models.
LCBM (Khandelwal et al., 2024) is used for CTR, tweet generation, and tweet like prediction, trained
on 40,000 YouTube videos and 168 million Twitter posts. Henry (SI et al., 2023) addresses long-term
memorability, while behavior-LLaVA (Singh et al., 2025), trained on 730k instruction–response pairs, is
the strongest model for behavioral attribution. For ROAS and webpage likability, we include an XGBoost
baseline. Together, these baselines let us ask whether collective intelligence can improve LLM predictions,
offering a scalable alternative to methods reliant on extensive task-speci�c datasets and training regimes.

Empirical results demonstrate that Social Agents improves performance across all construal levels. On low-
level tasks involving immediate and behavior-oriented predictions, we observe an average improvement of
42.1%, with the largest gain on webpage likability prediction, where performance rises by 164% relative to
the baseline. For the medium-level task of return on ad spend prediction, which measures future �nancial
outcomes such as whether ads will generate revenue, Social Agents achieves a 153% improvement. On
high-level tasks requiring abstract reasoning, the framework yields an average gain of 12%, with long-term
memorability prediction (forecasting whether users will recall an ad later) showing a 24% improvement.
As shown in Fig. 3, Social Agents not only outperforms the No-Persona baseline but also surpasses task-
speci�c expert models in most cases. It achieves 24% on tweet engagement, 44% on CTR, 21% on ROAS,
and 164% on webpage likability, while also improving content generation and behavioral attribution. The
only exception is memorability, where Henry performs better, though Social Agents still provides clear gains
over the baseline. Overall, these results suggest that collective intelligence offers a scalable, model-agnostic
path to improving LLM predictions, pointing toward a general paradigm for enhancing both predictive and
generative tasks.

Figure 3:Performance Comparison of Social Agents (Best Model) over 5-shot Best Model and Models Finetuned
on Task-Speci�c Data across eight tasks.Across eight tasks, Social Agents (Best Model) consistently improve over
the 5-shot Best Model and often exceed models �netuned on task-speci�c data, despite not being trained for those tasks.
Here, Best Model refers to whichever base model achieves the strongest results, whether used within Social Agents or in
the 5-shot baseline. Performance of Social Agents (Best Model) and �netuned baselines is reported relative to a 5-shot
Best Model reference (�xed at 1.00). For Models Finetuned on Task Speci�c Data, we use: Large Content Behavior
Models (LCBM) (Khandelwal et al., 2024) for Tweet Engagement Prediction, Ad Click-Through Rate Prediction, and
Tweet Content Generation; a trained XGBoost model for Return on Ad Spend Prediction; Henry (SI et al., 2023) for
Long-Term Video Memorability Prediction; and Behavior-LLaVA (Singh et al., 2025) for Video Topic and Video Reason
Classi�cation tasks.
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To summarize, our paper makes the following three contributions:

(i) Social Agents Framework. We introduceSocial Agents, a multi-agent framework that operationalizes
the principle of the Wisdom of Crowds with ensembles of LLM-based human-like persona agents. Each
persona agent ensures diversity of opinion, independence, decentralization, and aggregation (Figure 1). So-
cial Agents istask-agnostic: evaluated across eleven diverse tasks, it consistently outperforms baselines and
trained experts, yielding a 42.1% average improvement on low-level judgments (e.g., webpage likability and
ad click-through rate prediction) and a 24% improvement on high-level reasoning tasks such as video per-
suasion classi�cation and long-term memorability prediction (see Section A.2 for results and Appendix A.3
for ablation analyses).

(ii) Model-Agnostic Framework. The bene�ts of Social Agents are model-agnostic. Evaluated across
seven proprietary and open-source vision–language backbones, it delivers consistent average improvements
of 23.9% over baselines across 3 models and 11 diverse tasks, with clear gains even for smaller, lower-
parameter models (Appendix A.3.1).

(iii) Synthetic Data Release. We release a dataset of persona-conditioned predictions, de�nitions, and
rationales from Social Agents (e.g., ad CTR, webpage likability), capturing how diverse personas and their
interactions with digital content are represented across all eleven behavioral tasks.

Figure 4:Comparison of Social Agents (GPT-4o) prediction errors against No-Persona (Mean of 10 Trials, GPT-
4o) on the Webpage Likability Prediction task. Social Agents (GPT-4o), which incorporate individual persona pref-
erences averaged across 10 diverse personas, exhibit greater overlap with the human distribution than the No-Persona
(Mean of 10 Trials, GPT-4o) baseline that simply averages 10 calls per webpage. The kernel density estimate (KDE)
plot show the error distributions of Social Agents and the No-Persona (Mean of 10 Trials) baseline relative to the per-
webpage human mean predictionH i . Shaded areas highlight, for each method, its overlap with the human prediction
distribution.

2 SETUP

In this section, we describe how theSocial Agentsframework operates. As illustrated in Fig. 2, a moderator
orchestrates the process by �rst selecting a diverse panel of persona agents from the Agent Factory. Each
persona is an LLM agent instantiated with the same backbone model but conditioned on different demo-
graphic factors (age, gender, location) and psychographic factors (interests, values, lifestyle). The agents are
prompted independently so that there is no interaction or in�uence among them (Appendix A.1.1 for prompt-
ing template). When presented with the target query, an agent generates a rationale from the perspective of
its assigned persona and, conditioned on this rationale, provides a quantitative prediction. The individual
predictions are then aggregated using the wisdom of crowds principle to produce a �nal ensemble score. For
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