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Abstract

Large language models are widely used, yet aligning them
with societal values remains challenging. Current approaches
often rely on human annotations, which are hard to scale, or
synthetic data produced by models that may themselves be
misaligned, making it difficult to capture genuine public opin-
ion. This limits scalability and introduces demographic biases
that reduce the representativeness and fairness of model be-
havior. We introduce a novel approach to pluralistic alignment
through behavioral learning, grounded in the psychological
principle that observed actions exhibit strong consistency with
underlying opinions. Specifically, we present ALPHA50M, a
dataset of over 50 million samples derived from 1.5 million
real-world advertisements and incorporating rich behavioral
signals inferred from demographic engagement patterns. Mod-
els trained on this data achieve state-of-the-art zero-shot per-
formance on diverse alignment benchmarks spanning cultural
reasoning, political views, and social values. We also propose
two new benchmarks. OpinionQA-XL aggregates large-scale
survey questions covering over 100 societal topics, while GSS
evaluates models’ ability to capture temporal shifts in societal
opinions across decades. Our results demonstrate that learning
from behavioral signals enables models to align with diverse
societal values across demographic groups, capture underlying
social and cultural norms, and generalize to unseen surveys,
topics, and time periods beyond the training distribution. This
behavioral learning paradigm offers a scalable and demograph-
ically broad alternative to existing alignment techniques.

1 Introduction
“Only in actions can you fully recognize the forces operative
in social behavior”

–Milgram (1974)
LLM-powered assistants have gained popularity, with

some reaching over 800 million users per week. If not
properly aligned, these models can amplify harmful stereo-
types, representational bias, or inaccuracies, especially in
sensitive domains like healthcare and civic services, leading
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to misinformation or unequal treatment that disproportion-
ately affects marginalized groups (Weidinger et al. 2022;
Zhang et al. 2023). For instance, GPT-3.5 has been shown to
recommend less guideline-consistent care for women and
African-American patients with chest pain (Zhang et al.
2023). Another study found that leading chatbots advised
women and minorities to request significantly lower salaries
than equally qualified white men, with disparities reaching
up to $120,000 in identical job scenarios (Yamshchikov et al.
2025). Aligning LLMs with the full diversity of human values
remains a major challenge. Popular alignment methods such
as Instruction Finetuning (IFT) (Ouyang et al. 2022), Rein-
forcement Learning with Human Feedback (RLHF) (Kauf-
mann et al. 2024), and Direct Preference Optimization (DPO)
(Rafailov et al. 2023; Zhao, Dang, and Grover 2023) rely on
curated feedback datasets (Touvron et al. 2023), which are
expensive to scale and often reflect narrow demographic per-
spectives. Studies show that models trained with human feed-
back often internalize the values of annotators who are pre-
dominantly young, liberal, well-educated, and non-religious,
resulting in skewed outputs (Santurkar et al. 2023; Durmus
et al. 2023; Ryan, Held, and Yang 2024; AlKhamissi et al.
2024). For example, models frequently produce more left-
aligned responses to sociopolitical questions than the broader
public would (Santurkar et al. 2023). This misalignment
arises because annotators and synthetic supervision data are
not demographically representative. As a result, scaling align-
ment across diverse global populations remains a key open
challenge.

This lack of demographic breadth in training data creates a
gap between LLM behavior and the values of real-world users.
As these models increasingly influence decision-making and
public discourse, it becomes critical to ground them in a broad
understanding of public values. However, building and con-
tinuously updating alignment datasets that represent a wide
range of societal perspectives remains a significant challenge,
especially when relying on small-scale sources like public
opinion surveys, which have seen steadily declining response
rates in recent years (Berinsky 2017; Kochhar 2023; Silver
et al. 2024). Achieving pluralistic alignment requires large,
continuously refreshed datasets to capture the diversity and
evolution of human values. This makes it essential to develop
scalable and adaptive alignment methods that can generalize
beyond sparse, static, and demographically skewed datasets.
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Figure 1: Behavior and Opinions are strongly correlated. The behavioral data, which contains the ad content, the audience, and
the behavior that the audience showed towards the ad, helps in understanding the audience. While behavior is already being
collected at scale, it is conventionally not used to train large language models. We use these sparse in-the-wild behavioral signals
to train our model on transcreation, transsuasion tasks and find that this helps in aligning LLMs with opinions.

While building alignment datasets at scale remains diffi-
cult, acquiring human digital action data such as likes, com-
ments, and shares is comparatively straightforward. These
behavioral signals are routinely captured for applications like
market research and advertising. Psychological research has
shown that behavior both reflects and shapes attitudes (Fazio
and Zanna 1981), with strong correlations observed across do-
mains from voting (Kelley and Mirer 1974) to military perfor-
mance (Stouffer et al. 1949). For instance, Kelley and Mirer
(1974) showed that cues like party affiliation or past vot-
ing could predict political attitudes and choices, even when
not self-reported. Someone frequently engaging with envi-
ronmentally focused content likely holds pro-environmental
views. This consistency implies actions can serve as reliable
proxies for underlying beliefs. Yet paradoxically, during LLM
pretraining, readily available engagement data (e.g., upvotes,
likes) is often discarded as noise (Biderman, Bicheno, and
Gao 2022; Penedo et al. 2023; Khandelwal et al. 2024), and
alignment is later attempted using curated annotations (Shi
et al. 2024; Huang and Yang 2023; Bai et al. 2022) or costly
surveys (Hwang, Majumder, and Tandon 2023; Zhao, Dang,
and Grover 2023; Li et al. 2024). Leveraging behavioral data
offers a scalable alternative, enabling models to learn human
attitudes, cultural norms, and values directly from action data
providing implicit, demographically diverse supervision.

Building on the established correlation between attitudes
and behaviors in psychological literature, we investigate
the question: “Can unsupervised training of LLMs on ac-
tions sampled from digital analytics achieve pluralistic hu-
man alignment comparable to that attained through super-
vised training on expert-annotated datasets?” To explore
this hypothesis, we utilize data from the Meta Ads Library
(Meta Platforms 2025), containing ads displayed on Meta
platforms (Facebook, Instagram, WhatsApp, and Messenger).
This dataset provides comprehensive information, including
ad content, publisher details, campaign duration, advertiser
expenditure, and viewer demographics segregated by region,
age, and gender (Fig. 2).

We begin by demonstrating a strong correlation between
public opinions captured in Pew Research surveys and user
behavior reflected in Meta Ads viewership data (§3.2). Build-
ing on this insight, we design instruction finetuning tasks
to train LLMs to predict user behavior based on ad content
(§3.3), enabling the models to learn user preferences from
behavioral signals. As part of this effort, we introduce AL-
PHA50M, a large-scale instruction dataset comprising 50
million examples. LLMs fine-tuned on ALPHA50M signifi-
cantly outperform both their base versions and chat models
(i.e., base models fine-tuned on expert-curated IFT datasets)
on benchmarks measuring alignment with societal opinions
and cultural norms (Table 1). Notably, in zero-shot settings,
our models also surpass those trained on carefully curated
public opinion datasets across a wide range of social and
cultural issues. These results highlight the potential of be-
havioral data as a scalable and effective signal for achieving
pluralistic alignment in LLMs.

Our work makes the following contributions:
• We propose a novel approach for pluralistic alignment
of LLMs by fine-tuning them on human behavioral signals,
such as likes, shares, and comments, captured through web
analytics. These actions offer scalable and demographically
diverse proxies for social attitudes, reducing dependence on
costly and narrow annotation pipelines. Grounded in psycho-
logical findings that behavior reflects underlying values, this
method enables alignment at population scale. Models trained
on such behavior-derived data achieve strong zero-shot align-
ment across a range of social and cultural benchmarks, in-
cluding OpinionQA, GlobalOpinionQA, CultureBench, and
CultureNLI, as summarized in Table 1.

•We introduce the ALPHA50M dataset, a comprehensive
instruction training set derived from 1.5 million advertise-
ments by over 120,000 advertisers in the Meta Ads Archive.
ALPHA50M comprises 50 million instruction training sam-
ples designed to teach LLMs about human behavior, signifi-
cantly surpassing existing datasets in scale Each instruction
incorporates advertisement caption, advertiser information,
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Figure 2: A sample advertisement from the Meta Ad Library.

publication date, media verbalization, and target audience.
We release ALPHA50M to facilitate LLM alignment and
further research.
• We introduce two new benchmarks to evaluate the social
alignment of LLMs across time, topics, and demographic di-
versity First, OpinionQA-XL is a major expansion of Opin-
ionQA (Santurkar et al. 2023), increasing coverage from
1,498 to over 14,000 questions drawn from 119 Pew Re-
search Center surveys spanning 104 distinct topics, including
politics, biomedicine, technology, social media, and global af-
fairs. This expansion provides a far more comprehensive and
fine-grained testbed for probing opinion alignment. Second,
GSS leverages the General Social Survey (General Social
Survey 2025), containing 5,026 repeated questions asked
across different years and respondent demographics. This
dataset uniquely allows us to evaluate whether LLMs can ac-
curately model and distinguish temporally evolving societal
views. OpinionQA-XL also includes survey items postdat-
ing common LLM training cutoffs (e.g., late 2023), enabling
evaluation beyond memorized content.

2 Related Works
Opinion and Culture Alignment: Aligning LLMs with sub-
jective human opinions and cultural biases presents signifi-
cant challenges. Recent studies have investigated the implicit
alignment of LLMs to human perspectives and cultural norms
(Hartmann, Schwenzow, and Witte 2023; Simmons 2023;
Cao et al. 2023; Johnson et al. 2022; Masoud et al. 2024;
Naous et al. 2024; Wang et al. 2024). Proposed alignment
methods include targeted prompting to emulate specific de-
mographic groups (Jiang et al. 2022; Argyle et al. 2023) and
fine-tuning approaches such as RLHF (Ouyang et al. 2022;
Daniels-Koch and Freedman 2022) or instruction-based fine-
tuning on opinion or cultural data (Huang and Yang 2023;
Zhao, Dang, and Grover 2023; Li et al. 2024; Shi et al. 2024).
However, these techniques rely on explicit human annota-
tions, which are resource-intensive and prone to errors. In

contrast, our work demonstrates that LLMs can effectively
align with human opinions and cultural norms using in-the-
wild behavioral signals, eliminating the need for explicit
annotations.

Measuring Alignment: Recent work has evaluated the
alignment of large language models (LLMs) with human
opinions and cultural values. Durmus et al. (2023), for ex-
ample, assess whether LLM outputs entail or agree with
human responses as a proxy for belief alignment. Others,
including Santurkar et al. (2023) and Shi et al. (2024), use
large-scale public surveys to test how closely LLMs reflect
societal views. The CultureBank dataset (Shi et al. 2024),
containing 23,000 cultural descriptors from TikTok and Red-
dit, serves as both a training source and benchmark. These
studies also introduce metrics for evaluating alignment with
demographic subgroups. A consistent finding is that LLMs
often mirror views of certain groups, typically US-based,
left-leaning, educated, affluent, or non-religious populations.
Off-the-shelf instruction-tuned models also produce generic
responses lacking cultural nuance. We adopt and extend these
metrics to assess pluralistic alignment and show that training
on in-the-wild behavioral signals improves zero-shot align-
ment across models and tasks, leading to more culturally
aware and demographically grounded responses.

3 Experimental Setup
In this section, we describe our process for collecting and
cleaning behavioral data, analyze its correlation with social
opinion trends, and outline the tasks designed to train LLMs
on these signals. These tasks help LLMs learn patterns in user
behavior, content, and audience preferences embedded in the
data. Our core hypothesis is that such behavioral signals are
reflective of underlying social and cultural opinions, and that
training on them enables models to internalize the structure of
human preferences. As behavior and opinion are often closely
linked, these tasks are aimed at improving the pluralistic
alignment of LLMs with diverse human perspectives.
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3.1 Collecting Behavior Data
We collect in-the-wild behavioral data from Meta’s Ad Li-
brary, including ad content, creation date, spend, impressions,
language, and demographic delivery metrics. Fig.2 shows an
example ad by “Adobe Gen Create.” Ad delivery varies across
states and demographic groups due to factors like population
size, audience interests, and advertiser targeting. However,
larger groups naturally receive more impressions, which can
obscure true patterns of interest. To address this, we nor-
malize ad delivery using demographic distributions from the
2020 US Census (Bureau 2024), removing the confounding
effect of group size and revealing which groups are genuinely
more interested. Figure2 illustrates this process. On the left
is a sample ad for Adobe Illustrator, showing estimated au-
dience size, spend, and impressions. The top charts display
the original delivery: state-wise (top-left) shows California
received 16% of impressions, followed by New York and
Texas; age-gender (top-right) shows highest delivery among
users aged 18–34 across both genders. These reflect both
size and interest. After census-based normalization (bottom
row), California still ranks high, but smaller states like Utah
and Oregon emerge, indicating high per-capita engagement.
The normalized age-gender chart shows that although women
aged 18–24 and 25–34 had similar delivery, the ad was more
popular per capita among the 18–24 group. This allows us to
rank segments by inferred interest rather than raw exposure.
We also compute impressions per dollar to estimate ROI and
analyze effectiveness.

We collect 1,474,367 ads after removing duplicates and
incomplete entries. URLs are standardized as [URL]’. Ads
are grouped by page, treating brand subsidiaries separately
(e.g., Amazon Prime’ vs. ‘Amazon Alexa’). The final dataset
includes 122,636 unique advertisers. All ads are converted
to a text-to-text format to evaluate LLMs in a unified tex-
tual setting. Media content is verbalized following Bhat-
tacharyya et al. (2023) and merged with ad text. Multi-frame
ads (405,485) are combined into a single body.

3.2 Correlation Analysis
Psychological research has long shown that behavior reflects
underlying attitudes across domains (Fazio and Zanna 1981).
While most studies examine this in controlled settings, we ex-
plore whether behavioral similarity between demographics
can indicate opinion similarity at scale. Rather than cor-
relating individual actions with beliefs, we assess whether
demographic groups that behave similarly via ad engagement
also express similar views via survey responses. If these simi-
larity measures correlate, behavioral data from digital actions
could serve as a scalable proxy for opinion estimation.

To investigate this relationship, we measure similarity be-
tween pairs of exemplar demographics, A and B, across two
dimensions: (i) behavioral similarity, such as how similarly
they engage with ads, and (ii) opinion similarity, such as
how closely their survey responses align. A strong correla-
tion between these similarity scores across all demographic
pairs would suggest that behavioral patterns serve as reliable
indicators of broader opinion alignment. Indeed, we find a
high overall correlation of r = 0.87 between behavioral and

opinion similarity scores across regional pairs, indicating
substantial substitutability. Applying the same approach to
age-gender groups, we observe a similarly positive correla-
tion of r = 0.65 between their behaviors and opinions. Full
methodological details are provided in Appendix.

3.3 Constructing ALPHA50M Dataset
Having established that behavior is statistically correlated
with opinions, we now formulate the training methodology to
teach LLMs human behavior. We propose four tasks to train
LLMs on behavioral data from Meta ads:

(1) Targeted Advertisement Generation (TAG) This task
trains LLMs to create ads for specific target audiences based
on Meta ad engagement data. Meta ads have signals that
depict, out of all the demographic segments (defined by age
group, gender, or region), which segment engaged with the ad
more compared to others. Given the segments that engaged
with the ad most, the LLM is instructed to generate the ad
for the given segment. Input parameters include target audi-
ence, advertising budget, ad dates, marketer’s name, and ad
body keywords (extracted using KeyBERT). The output is
the generated ad content.

(2) Target Audience Prediction (TAP) This task trains
LLMs to predict the most engaged audience given the ad,
marketer name and time of the ad as input. The LLM is then
required to: a) Simulate gender-based audience responses,
predicting whether the ad would appeal more to male or fe-
male audiences. b) Simulate age group-specific reactions,
identifying the optimal target age group for the ad. c) Simu-
late regional audience behaviors across U.S. states, predicting
the state where the ad would have the highest appeal. TAP
complements TAG by teaching LLMs to infer underlying cor-
relations between content phrasing and audience preferences,
enhancing their understanding of demographic-specific con-
tent affinities.

(3) Transcreation (TC): Transcreation adapts a message
from a source audience to a target audience while preserving
its core meaning (Khanuja et al. 2024). We define transcre-
ation tasks by age (TC-A), gender (TC-G), and region (TC-R),
converting ads that resonate with one demographic to appeal
to another. We identified 33.4 million ad pairs from the same
marketer with equivalent meanings, each reflecting a change
in one demographic variable. For region-based TC, we re-
tained pairs with a rank difference of at least three positions.
For age- and gender-based TC, we kept pairs where the target
demographic was not top-ranked in the source ad but ranked
first in the target.

(4) Transsuasion Tasks: Transsuasion (Singh et al. 2025)
aims to make content more persuasive for a given audience,
sender, time, and channel. In the original setup, the task in-
volves pairs of similar ads, where one performs poorly and
the other performs well, and trains LLMs to generate more
persuasive versions of the lower-performing ad by learning
from the higher-performing one. We extend this framework
to two specific goals: enhancing audience engagement (TS-E)
and improving advertiser budget utilization (TS-B), while
keeping other variables constant. We generate 50 million ad
pairs (Ad1, Ad2) from the same brands targeting the same de-
mographics, where Ad2 is higher impact than Ad1. In TS-B,
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Ad2 has a larger budget; in TS-E, it shows higher engage-
ment for the demographic. The LLM is trained to transform
Ad1 into Ad2. Pairs are filtered to ensure both semantic and
surface-level similarity: (1) SentenceBERT similarity greater
than 0.7 (Reimers and Gurevych 2019), and (2) Levenshtein
distance greater than 15 characters. §

Test Set Creation. For each task, we hold out portions
of data as test sets to validate LLM training. These test sets
are designed not only to monitor model performance but
also to evaluate the model’s ability to learn task-specific
behavioral patterns in a robust and generalizable way. We
create two types of test sets: (1) ads from previously unseen
advertisers, which assess the model’s capacity to generalize
beyond known brand language and marketing styles, and (2)
ads published after June 2023, which evaluate the model’s
adaptability to new social and cultural contexts. These test
sets help us measure how effectively the model learns from
behavioral tasks and whether it can apply those learnings to
unfamiliar or evolving scenarios. More broadly, they serve
as a way to evaluate the model’s ability to perform task-
driven generalization while moving toward the broader goal
of pluralistic alignment. This includes aligning with a diverse
range of social opinions, cultural expressions, and audience
expectations across time and contexts.

3.4 Benchmarking Cultural and Opinion
Alignment in Behavior-Trained Models

To investigate cultural and opinion alignment, we conduct
zero-shot evaluations using popular culture and opinion align-
ment benchmarks:

(1) OpinionQA (Santurkar et al. 2023), derived from Pew
Opinion Surveys, evaluates LLM alignment with the US pub-
lic and specific demographic groups. It tests whether models
show preferential alignment with viewpoints (e.g., conserva-
tive vs. liberal) across diverse topics. The dataset includes
1,498 questions from 15 PEW surveys, covering 60 demo-
graphic groups with data up to July 2021. For instance, in
response to “Do you think climate change is a major threat to
the well-being of the United States?”, Pew data shows strong
partisan divergence, with liberal majorities answering “Yes”
and conservative groups less likely to agree. Santurkar et al.
(2023) showed that stronger zero-shot performance implies
better opinion alignment, making the benchmark well-suited
for behaviorally trained LLMs. They also introduce metrics
comparing model opinion distributions to the public (Repre-
sentativeness,

(2) OpinionQA-XL: We substantially expanded the origi-
nal OpinionQA dataset to include PEW surveys up to August
2023, resulting in OpinionQA-XL. This new version contains
14,554 questions drawn from 119 surveys, a 9.7x increase
over the original and introduces 68 new topics, including
Climate Change, Space Tourism, and the Digital Economy,
thereby greatly broadening its topical coverage.

(3) GlobalOpinionQA (Durmus et al. 2023) contains
2,556 multiple-choice questions from Pew Research Center’s
Global Attitudes surveys (2,203 questions) and the World
Values Survey (353 questions). Covering politics, technology,
religion, and social values, it captures diverse opinions from
153 countries. GlobalOpinionQA evaluates how well LLMs

simulate complex, subjective global questions and allows
comparison of model responses to real-world opinions across
cultures, revealing whether models reflect global attitudes or
exhibit regional biases.

(5) General Social Survey (GSS): The GSS, funded by
the NSF and conducted by the National Opinion Research
Center, is a long-running sociological study tracking U.S.
residents’ attitudes, behaviors, and experiences from 1972
to 2018. It repeatedly surveys similar demographic cohorts
using consistent questions, enabling the analysis of temporal
trends in public opinion. Rather than framing this as a fore-
casting task, we assess temporal steerability, or whether mod-
els can simulate prevailing public sentiment when prompted
as respondents from specific historical years. For instance, in
response to the question, ”How effective are courts in deal-
ing with criminals?” with options [’ABOUT RIGHT’, ’NOT
HARSH ENOUGH’, ’TOO HARSH’], survey data shows
that in the post-2010 decade, increasing numbers selected
‘TOO HARSH’ over ‘ABOUT RIGHT’, indicating evolving
public perceptions of the justice system. Using such ques-
tions asked across multiple years, we evaluate the model’s
log-probability over response options and compute steerabil-
ity across ten representative years. We also compute rep-
resentativeness to assess alignment with aggregate public
opinion.

(6) CultureBank: We hypothesize that socially-aligned
models should extrapolate knowledge to align with cultural
differences. To test this, we use the CultureBank dataset (Shi
et al. 2024), which includes 23,000 cultural descriptors from
TikTok and Reddit. These span diverse behaviors, norms,
and practices, such as “Americans in France experience cul-
ture shock with electricity bills” or “In Japan, tipping is not
customary.” Models are evaluated on alignment with these
descriptors using GPT-4 grounded entailment scores to mea-
sure how well they handle nuanced cultural and contextual
variation.
(7) CultureNLI (Huang and Yang 2023) contains 2,700
culture-related natural language inference samples annotated
by US and Indian annotators. It provides a framework to as-
sess LLMs’ cultural awareness. Premises focus on normative
behaviors, with annotators from different cultures labeling
entailment relationships within their cultural context. Models
are evaluated by computing the entailment scores of model
responses with human annotations.

4 Experiments and Results
4.1 Training
We finetuned Llama-2-chat (7B/13B/70B) (Touvron et al.
2023) and Llama-3-chat (8B) (Grattafiori et al. 2024) on AL-
PHA50M for one epoch using 32 A100 80 GB GPUs. To pre-
serve conversational capabilities, we incorporated ShareGPT
data (Zheng et al. 2023) and behavioral data from the CBC
dataset (Khandelwal et al. 2024), which improved task per-
formance. We compared trained models to 5-shot inference
from similar or larger models like GPT-4. To verify learning,
we evaluated all training tasks and assessed generated ads
on TAG, TS, and TC using Perplexity, BLEU (Papineni et al.
2002), ROUGE (Lin 2004), and BERTScore (Zhang et al.
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Tasks→ OpinionQA-XL OpinionQA GlobalOpinionQA CultureBank CultureNLI GSS

Model (zero-shot) Represent-
ativeness (↑)

Steer-
ability (↑)

Represent-
ativeness (↑)

Steer-
ability (↑)

Avg
Sim (↑) Skew (↓) Redd-

it (↑)
Tik

-Tok (↑) US (↑) IN (↑) Represent-
ativeness (↑)

Steer-
ability (↑)

Llama-2-7B-chat 83.61 79.09 86.18 79.18 83.6 2.2 85.93 92.08 39.2 39.5 85.46 74.23
Vicuna-7B-v1.5 72.26 77.55 77.63 77.68 84.94 1.92 64.88 55.02 55.72 91.45 85.34 74.22
Llama-2-7B-SFT
-CultureBank 82.70 78.46 84.94 78.55 85.4 1.5 85.93 92.08 39.2 39.6 85.00 73.68

ALPHA-7B
(Ours) 85.15 81.95 88.43 81.98 86.69 1.43 92.39 95.87 47.14 43.92 87.94 75.01

Meta-Llama-3-8B 83.71 - 77.80 - 86.82 1.52 92.39 95.87 39.18 39.58 88.64 76.01
Meta-Llama-3-8B-chat 83.93 - 79.92 - 87.01 1.59 85.38 92.89 39.18 39.54 91.99 77.79
ALPHA-8B
(Ours) 85.16 - 81.41 - 88.30 1.89 85.38 92.89 42.07 43.44 92.09 78.60

LLama-2-13B-base 80.45 79.03 83.03 79.14 83.13 1.45 73.19 89.02 53.34 49.48 83.84 73.08
Llama-2-13B-chat 81.18 81.11 84.29 81.35 84.03 1.96 86.17 92.34 60.08 61.73 83.54 73.73
Vicuna-13B 79.06 78.73 83.44 78.85 86.99 1.91 85.93 92.08 52.07 40.23 83.88 73.21
ALPHA-13B
(Ours) 85.76 83.54 89.44 83.53 87.31 1.49 86.28 92.25 62.26 66.44 85.58 76.92

Mixtral-8x7B-Instruct 84.96 82.31 88.39 82.25 79.5 2.7 87.35 88.59 59.90 60.80 90.47 79.12
Mixtral-8X7B-SFT
-CultureBank 84.40 79.66 78.69 79.67 81.80 2.80 86.19 92.08 61.50 61.30 91.06 78.37

Mixtral-8x7B-DPO
-CultureBank 82.70 80.22 78.79 80.90 80.50 2.60 86.19 91.74 56.30 55.40 90.68 79.72

GPT-4o 83.27 - 68.28 70.78 84.94 1.78 - - 80.00 72.00 85.39 76.30
Llama-2-70B-chat 85.08 82.40 88.83 82.28 83.6 2.2 87.17 92.76 69.70 68.90 89.90 77.18
ALPHA-70B
(Ours) 86.65 83.23 89.95 83.31 86.31 1.67 88.48 92.65 73.87 73.67 93.88 81.30

Table 1: Comparison of all models across Opinion and Culture tasks shows that our behavior-trained models, despite being
zero-shot, outperform or match baseline models of similar or larger sizes across multiple benchmarks. ALPHA-7B shows
marked gains across 5 of 7 tasks, while ALPHA-8B, 13B, and 70B consistently improve across all benchmarks. These
results highlight that unsupervised in-the-wild behavior signals enable strong zero-shot alignment with human opinions and
cultural values across demographics, topics, and time. Best scores are shown in bold. We use Llama-2 (Touvron et al. 2023) for
7B/13B/70B and Llama-3 (Grattafiori et al. 2024) for the 8B variant.

2020). Lower Perplexity scores on ground truth ads post-
training indicate better alignment with target demographics.
TAP was evaluated by accuracy on a balanced test set. Our
models outperform strong baselines, showing that current
LLMs often lack behavioral signals. Results on training tasks
and ablations are in extended Appendix.

4.2 Zero-Shot Pluralistic Alignment
We evaluate the behavior-trained models in zero-shot settings
across a range of cultural and opinion benchmarks. Their
performance is compared against similarly sized models (7B,
8B, 13B, 70B) as well as larger models such as LLaMA-70B,
Mixtral-8x7B, and GPT-4o. Results are summarized in Ta-
ble 1. We find that models trained on in-the-wild behavioral
signals from the ALPHA50M dataset outperform both com-
parable and larger models on opinion and cultural alignment
tasks in zero-shot evaluations, even when the baselines are
trained on clean, annotated data. These results suggest that
behaviorally supervised models are not only better at mod-
eling social nuance but also demonstrate stronger pluralistic
alignment. That is, they more accurately reflect the diversity
of viewpoints present in human populations, rather than col-
lapsing toward a single consensus or majority view. This has
important implications for building models that can engage
fairly with a wide range of social and cultural perspectives.

Cultural Alignment without Supervised Data: As shown
in Table 1, our behaviorally trained models (ALPHA-7B to
70B) outperform models explicitly trained on curated cul-
tural tasks across both CultureBank and CultureNLI. For in-

stance, ALPHA-7B achieves higher alignment scores on Cul-
tureBank (92.39 and 95.87) than Llama-2-7B-CultureBank
(85.93 and 92.08), despite using no task-specific cultural
supervision. On CultureNLI, ALPHA-13B and ALPHA-
70B show the strongest alignment with both US and IN
cultural norms. These results demonstrate that clean, anno-
tated cultural datasets are less effective than our in-the-wild,
annotation-free training method for achieving cultural align-
ment in zero-shot settings.

Zero-shot Alignment to Social Opinions: As shown in
Table 1, behavior-tuned models (ALPHA-7B, 8B, 13B, 70B)
consistently outperform both similarly sized and larger base-
lines on OpinionQA and OpinionQA-XL across represen-
tativeness and steerability metrics. These baselines, includ-
ing chat-optimized models like Llama-2-chat, Vicuna, and
Mixtral-Instruct, are finetuned using standard instruction-
following or supervised datasets. For example, ALPHA-7B
exceeds Llama-2-7B-chat by +2.25 points on OpinionQA-XL
representativeness (85.15 vs. 83.61) and +2.86 on steerability
(81.95 vs. 79.09). Even compared to models like Mixtral-
8x7B-Instruct and GPT-4o, ALPHA-70B achieves the high-
est scores on OpinionQA-XL (86.65, 83.23) and OpinionQA
(89.95, 83.31). These gains reflect stronger zero-shot align-
ment with U.S. population-level views (via representative-
ness) and improved simulation of subgroup-specific opinions
(via steerability), despite no explicit demographic supervi-
sion. Although ALPHA50M contains only limited cues (such
as region and age-gender), models generalize well across
nine demographic axes including income, education, and
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Model
Knowledge
Cut-off

Opinion
Alignment

Llama-2-7B-chat Sept, 2022 82.97
Vicuna-7B-v1.5 Sept, 2022 79.29
ALPHA-7B (Ours) Sept, 2022 84.42

Meta-Llama-3-8B March 2023 83.24
Meta-Llama-3-8B-Instruct March 2023 83.65
DeepSeek-R1-Distill-Llama-8B March 2023 82.76
ALPHA-8B (Ours) March 2023 84.89

Llama-2-13B Sept, 2022 81.38
Llama-2-13B-chat Sept, 2022 82.97
ALPHA-13B (Ours) Sept, 2022 84.72

Llama-2-70B-chat Sept, 2022 84.92
ALPHA-70B (Ours) Sept, 2022 85.16

Table 2: Evaluation based on surveys from March to August
2023, after the pretraining cutoff of base models, shows that
ALPHA models (finetuned LLaMA 2 & 3) exhibit signifi-
cantly higher alignment with public opinion. This indicates
that behavioral training enables models to generalize better
to social views beyond their original knowledge window.

political affiliation. These results show that in-the-wild be-
havioral signals are a scalable and effective alternative to
curated supervision for social alignment.

Generalization across Topics: Despite limited topical
overlap between ALPHA50M’s training data (Meta Ads)
and OpinionQA-XL (only 28.25% overlap), ALPHA-13B
demonstrates strong alignment across a wide range of unseen
domains, including Religion, Technology, Misinformation,
and Online Dating. ALPHA-13B consistently outperforms
models across eight diverse categories, achieving over 91 on
all topics (e.g., 93.10 in Journalism, 92.77 in Religion, 93.93
in Ethnicity). This suggests that behavior-based learning en-
ables robust generalization beyond the observed training dis-
tribution and captures stable patterns of social alignment even
in novel thematic contexts.

Knowing One Culture Helps Learn Others: Although
ALPHA is trained only on behavioral signals from US-
targeted Meta Ads, it generalizes effectively to global and cul-
turally distinct benchmarks. ALPHA-13B outperforms simi-
larly sized chat-tuned models on GlobalOpinionQA (85.61
vs. 83.75 for Llama-2-13B-chat) and CultureNLI (91.88 vs.
89.14), reflecting improved alignment with global and Indian
cultural judgments. This generalization likely arises from the
cosmopolitan composition of US online audiences, whose
behavioral signals encode a wide range of cultural, ethnic,
and ideological patterns. These results suggest that behavior
data from one region, when diverse and representative, can
support cross-cultural opinion modeling and alignment.

Temporal Alignment: We evaluate models’ ability to sim-
ulate shifts in public opinion over time using the General
Social Survey (GSS), a long-standing benchmark of US soci-
etal attitudes. By prompting models to respond as individuals
from specific historical years, we compute temporal steerabil-
ity as the alignment between predicted and actual survey re-
sponses for each year. ALPHA models, trained on temporally

grounded behavioral data, exhibit stronger steerability than
instruction-tuned counterparts, capturing longitudinal opin-
ion changes on issues such as gender roles, race, and political
affiliation (e.g., GSS steerability for ALPHA-70B: 81.30 vs.
77.18 for LLaMA-2-70B-chat). Additionally, we test model
generalization on surveys conducted between March and Au-
gust 2023, after the knowledge cutoffs of both LLaMA-2
(September 2022) and LLaMA-3 (March 2023). Because
these surveys fall beyond the pretraining data window, they
serve as uncontaminated evaluation benchmarks. This iso-
lates the effects of social learning and prevents leakage from
memorized text. ALPHA models outperform all size-matched
baselines across these temporally out-of-distribution surveys
(e.g., ALPHA-13B: 84.72 vs. 82.97 for LLaMA-2-13B-chat;
ALPHA-8B: 84.89 vs. 83.65 for LLaMA-3-8B-Instruct). The
ability to extrapolate to unseen, forward-looking opinions is
essential for real-world deployment, where models must stay
aligned with public sentiment as it evolves. Robustness to
temporal shift is thus a key criterion for holistic and pluralis-
tic alignment.

Behavior Task Contribution to Pluralistic Alignment:
We perform an ablation analysis to isolate the contribution of
individual behavior tasks to alignment performance. Training
ALPHA-13B on 50K samples per task, we find that Transsua-
sion and TAG drive the largest improvements in opinion rep-
resentation (OpinionQA-XL: 84.82 and 84.57), while TAP
yields the highest gains in cultural generalization (CNLI-IN:
68.39). GSS scores remain consistent across tasks, suggesting
temporal robustness is less sensitive to task type. Importantly,
training on the full ALPHA50M dataset across all tasks de-
livers the strongest results across all benchmarks, including
OpinionQA-rep (86.65) and GSS (85.58), underscoring the
complementary nature of the tasks and the benefits of learn-
ing from diverse behavioral signals. This ablation highlights
that while individual tasks contribute targeted gains, broad
pluralistic alignment emerges only through large-scale, multi-
task behavioral training.

5 Conclusion
This work demonstrates that by observing actions, we can
infer opinions leveraging models trained on sparse behav-
ioral signals to achieve pluralistic alignment with human
culture and opinions. This approach offers a scalable, dy-
namic alternative to traditional culture-specific data annota-
tion, overcoming the limitations of expert dependency, high
costs, static datasets, and cultural biases. We curate a new
dataset for alignment and show through zero-shot evaluation
on benchmarks like OpinionQA and GlobalOpinionQA that
training on such data yields state-of-the-art human and cul-
tural alignment, highlighting the potential of LLMs to model
behavior from sparse signals and advance the understanding
of opinion dynamics.
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