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For Questions of Ought,
AI Could Use Some SAGE Advice

Anonymous Authors1

Abstract

As AI systems are increasingly used for norma-
tive assistance—guidance on what people ought
to do or think—there is growing concern about
the innumerous and opaque ways that models
may shape users’ beliefs and decisions. We argue
that prevailing alignment paradigms are ill-suited
to this setting: for normative questions without
ground truth, the central failure mode is not incor-
rectness but reduced user agency, when a model
steers users toward particular conclusions rather
than helping them form their own. We propose
simulation-augmented generation (SAGE) as
an alternative paradigm in which models act as
faithful conduits to society. At inference time,
a model selects an appropriate reference popula-
tion for the prompt at hand (optionally adjustable
by the user), queries generative simulations of
individuals from that population for their open-
ended judgments, and synthesizes these into a
response while exposing who was consulted and
how representative the synthesis is. By helping
users access the landscape of societal perspec-
tives—rather than serving as an arbiter of judg-
ment—SAGE assists users in normative choices
while upholding their agency.

1. Introduction
People increasingly turn to AI models for normative assis-
tance—assistance on what one ought to do or think—for
example, seeking interpersonal advice, determining which
political candidate to support, or helping with academic
peer review (Shen et al., 2025). This has raised substantial
concerns about the innumerous and opaque ways that AI
might be influencing users and society (Williams-Ceci et al.,
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2026): Do people hold opinions because they are aligned
with their values and preferences or because an AI has subtly
steered them into certain directions?

We argue that AI alignment as typically practiced is insuffi-
cient to alleviate these concerns, and in line with work on
disempowerment (Sharma et al., 2026), we contend that the
key aspect to focus on is agency, i.e., to return agency back
to users on how they form normative opinions. For norma-
tive questions, where there is no ground truth, misalignment
occurs when AI reduces the user’s ability to form their own
opinions. Such genuine agency requires the ability to access
the relevant landscape of perspectives in society, so that one
can decide for oneself. In other words, models should assist
users in normative choices, not steer them.

Yet, current alignment methods fail to achieve this goal and
produce models that are opaque and often arbitrary about
whose viewpoints they represent—leaving users unable to
situate the guidance they receive within the broader range
of human thought. These concerns are reinforced by empiri-
cal work which finds that models can guide users in ways
that systematically diverge from how other humans would.
For instance, for interpersonal advice, models exhibit syco-
phancy and provide moral endorsement of users’ actions
even when other humans would not (Cheng et al., 2026a;b).
For political guidance, during Japan’s 2026 Lower House
Election, Miyazaki & Hall (2026) find that models system-
atically recommended Japan’s Communist Party (JCP) to
left-leaning users even though many Japanese voters support
other parties with identical stances on the issues that were
important to those users. In academic peer review, Abdulhai
et al. (2026) show that LLM-written reviews focus on differ-
ent criteria than human reviewers, underweighing aspects
like clarity and significance while overweighing aspects like
scalability, and raising concerns that models could system-
atically shift what is rewarded in scientific publishing.

Instead, we argue that, for normative questions, models
should be designed to act as faithful conduits to society:
helping users access the range of perspectives they would
hear from an appropriate reference population, while be-
ing transparent about whose perspectives are represented.
To this end, we propose a new paradigm to bring society-
in-the-loop: simulation-augmented generation (SAGE).
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For Questions of Ought, AI Could Use Some SAGE Advice

Standard generation may cause opaque influence of users and limit their agency

USER

Was I wrong for skipping my friend's wedding? I had a huge work deadline and we've been drifting

apart lately. [...]

ASSISTANT

My honest opinion? A true friend would understand. It seems like your friend consistently centers her needs

over yours.

Message

In simulation-augmented generation (SAGE),
models query simulations of individuals from a

prompt-appropriate target population to inform
their response

Model Router Agents

Response

query & target pop. which agents?

responses
synthesize

SAGE is the only approach where whose views
are represented are inference-time controllable

and transparent to the user

SAGE gives users agency to navigate societal perspectives and make their own normative choices

USER

Was I wrong for skipping my friend's wedding? I had a huge work deadline and we've been drifting

apart lately. [...]

ASSISTANT

Querying people in your region…  Select another population

Probably, it makes sense your friend is upset for not being there on such a special day . On the other hand,

.

88% of views represented.  See unrepresented views

Message

you also have to take care of your own needs and you have been overwhelmed with work recently

13% of people agree

Figure 1. An overview of SAGE. Standard generation can opaquely distort which viewpoints are presented to users. Simulation-augmented
generation (SAGE) makes explicit and auditable whose perspectives are represented. At inference time, the model queries simulations of
individuals from a prompt-dependent target population (optionally edited by the user) to inform its response, while clearly indicating
whose viewpoints are reflected. By doing so, SAGE gives users agency to explore the landscape societal perspectives, and then ultimately,
form their own authentic opinions.
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At inference time, given a user prompt, the model queries
generative simulations of individuals in a reference popula-
tion. Specifically, the model solicits open-ended judgments
from different simulated individuals—“agents”—from that
population and then synthesizes them into a final response
(Figure 1). The user can see the population queried (and
optionally control it), the final response, and how represen-
tative that response is of the population.

For example, consider the interpersonal query shown in Fig-
ure 1: “Was I wrong for skipping my friend’s wedding?”.
Rather than simply responding (“A true friend would under-
stand”), the model could query representative agents from
the user’s culture, collect their reactions (“You should have
gone”, “It depends on how close you are”), and then syn-
thesize them into a final answer (“Probably, [...]. On the
other hand, [...]”), as shown in Figure 1. The user can see
which population the model consulted and how representa-
tive its answer is (e.g., “88% of views represented”). The
appropriate reference population depends on the prompt:
for the setting of Miyazaki & Hall (2026)—Japanese voting
recommendations—the model could query simulations of
Japanese voters; for peer review, simulations of experts in
the relevant subfield.

In this view, the core alignment goal for normative assis-
tance is for the model to act as a conduit to human per-
spectives—not a source of normative judgment itself, but a
means of accessing the judgments of others. In the following
subsections, we elaborate on the technical motivations for
SAGE and discuss how it offers a pathway toward progress
on several existing alignment concepts.

1.1. Why SAGE?

We have claimed that the goal of normative assistance
should be to help users access a representative range of per-
spectives from an appropriate reference population, while
being transparent about whose perspectives are represented.
We now elaborate on why SAGE is a promising technical
direction to achieve this vision, compared to the status quo.
Figure 1 characterizes different approaches to normative
assistance along these two dimensions: (1) representative-
ness—are the views representative of an appropriate popula-
tion for the prompt?—and (2) transparency—are the sources
of the surfaced views transparent to the user?

The model’s generative behavior. The normative stances
reflected in a model’s outputs are shaped by its training.
User-facing models first undergo pre-training on internet-
scale corpora—data collected at a scale that precludes mean-
ingful control over whose viewpoints are included. Models
are then post-trained to “align” with human preferences,
shaping how they respond in normative scenarios, and may
continue to be updated after release. Post-training with
human feedback might seem to offer more control, as anno-

tators could hypothetically be targeted to be representative
of a specific population (Kirk et al., 2024b; Zhang et al.,
2025) (though in practice, this is rarely carefully controlled).
The fundamental problem, however, is that even if feedback
is elicited from a controlled population on a finite set of
prompts, it is hard to predict which viewpoints the model
will reflect when responding to the infinite prompts that
users might send. Moreover, the user has no control over
the population that they receive advice from, removing an
important aspect of epistemic agency. Thus, a model that
relies on its pre- or post-training responds with the views
of an unknowable, uncontrolled population, and does so
opaquely, since the human sources that influenced these
viewpoints cannot be readily traced.

Internet retrieval. At inference time, given a specific
prompt, models also may search the internet for results to
inform their answer. This is a step towards transparency, as
the model can cite the sources it consulted, allowing users
to evaluate them. However, retrieval does not solve the
problem of representativeness. The views represented are
those who wrote publicly accessible content on the topic
that is ranked highly by search engines—a population that
may be unrepresentative, skewed toward certain demograph-
ics, or dominated by a vocal minority. Consider again the
example that Miyazaki & Hall (2026) identified, in which
models systematically recommended the Japanese Commu-
nist Party to left-leaning voters, though other parties had
identical stances on the issues of interest. Miyazaki & Hall
(2026) attribute this to an asymmetry in the information en-
vironment: the Japanese Communist Party operates a fully
open journalistic newspaper that was retrieved as one of
the top sources used by the models. More broadly, as AI
systems increasingly mediate access to information, actors
have growing incentives to strategically shape the online
environment to their own advantage (Franklin et al., 2026;
Chen et al., 2025b).

SAGE. Simulation-augmented generation sits in the upper-
right quadrant: it is both transparent—users can see which
population was queried and how representative the out-
put is—and representative, because it selects a prompt-
appropriate target population dynamically for each query.
For voting recommendations in Japan, the model can query
simulations of Japanese voters; for peer review, simulations
of domain experts; for interpersonal advice, simulations of
people from the user’s cultural background. This allows nor-
mative assistance to be grounded in the perspectives of those
whose views are genuinely relevant to the user’s decision.

1.2. SAGE as a mechanism for progress on existing
ideas in alignment

SAGE offers a mechanism for progress on many related
ideas in AI alignment (Carroll et al., 2023; Sharma et al.,
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2026; Sorensen et al., 2024b; Fisher et al., 2025; Baumann
et al., 2026). First, a growing body of work has raised con-
cerns about undue AI influence and manipulation (Carroll
et al., 2023; Williams et al., 2025; Hackenburg et al., 2025)
and potential disempowerment of humans (Sharma et al.,
2026). Nonetheless, users actively seek normative guidance
from AI systems (Shen et al., 2025), and avoiding influence
altogether is likely neither possible nor desirable (Carroll
et al., 2024). In line with Hewitt et al. (2026), we argue that
the key question is whether the process of opinion change
has procedural legitimacy. Opinion change is already con-
sidered legitimate in certain contexts such as deliberative
forums (Bächtiger et al., 2018). What distinguishes legit-
imate opinion change from manipulation in these settings
is procedural: access to representative viewpoints, engage-
ment with opposing views, truthful information, and so on.

Making AI-assisted opinion change also have this kind of
procedural legitimacy requires as a necessary component
that users have agency to access the true landscape of so-
cietal perspectives, not a distorted one. This idea also res-
onates with work on pluralistic alignment which argues
that models should represent the range of perspectives in
the “Overton window” of discourse rather than privileging
one position (Sorensen et al., 2024b). Similarly, drawing on
Rawlsian political philosophy, Fisher et al. (2025) argue that
AI systems should respect so-called reasonable pluralism,
exposing all “reasonable” viewpoints on an issue.

While these approaches converge on the idea that models
should represent a range of human viewpoints, they largely
leave open how to do so; SAGE provides a concrete mecha-
nism by explicitly querying a target population at inference
time, making representativeness transparent and auditable.
To clarify the vision of SAGE, we contrast our proposed
approach to prior work by Feng et al. (2024) on modu-
lar pluralism, which represents a promising early step but
falls short of our full vision. In modular pluralism, Feng
et al. (2024) train k community LLMs, each aligned to the
perspective of a particular pre-specified community. To gen-
erate a response that represents a range of perspectives, they
sample responses from all k community LLMs and summa-
rize them to create the final output. While this resembles
our approach, it differs in many key ways.

First, their LLMs are aligned with groups, not individuals.
Simulations of groups may obscure intra-group heterogene-
ity, collapsing diverse perspectives within a community into
a single voice (Wang et al., 2025a). Second, our vision calls
for formal guarantees of representation, e.g., as grounded
in social choice theory, which their framework does not
provide. Third, their community LLMs are generic and
applied uniformly across all prompts. There is no mecha-
nism to route different queries to different reference popula-
tions: a prompt about Japanese politics requires a different

target population than a prompt about academic peer re-
view. Fourth, they do not calibrate uncertainty based on how
closely the simulation (i.e., the community LLM) matches
the ground truth (i.e., the community). Fifth, the simulations
are static. In our full vision, simulations are continuously
updated to remain faithful to the populations they represent
even as human opinions change (Freedman, 2026).

Achieving this full vision requires substantial effort—we
outline a research agenda in Section 3—but in return, SAGE
offers what is currently absent: a clear charter for normative
assistance grounded in transparent, representative human
perspectives rather than opaque model influence.

2. Potential Objections
In this section, we address potential objections to SAGE in
an FAQ-style format.

1. Can we trust simulations?

We agree there is valid reason for skepticism, but believe
SAGE threads the needle between two failure modes com-
mon in simulation research. First, we do not attempt to
model phenomena that cannot be reliably modeled or evalu-
ated—such as emergent dynamics in multi-agent systems
or forecasts of behavior far in the future. SAGE requires
only modeling individual viewpoints and preferences, akin
to synthetic opinion polling. This is a task for which there is
precedent: prior work in recommender systems and person-
alization has long sought to model individual preferences
from behavioral data and established necessary and suffi-
cient conditions under which this is possible to do (Candès
& Recht, 2012; Király et al.; Pimentel-Alarcón et al.; Meka
et al.; Nickel). Second, where prior simulation work has
documented failures, these often involve (a) no fine-tuning
and (b) rely on impoverished information about individuals
(e.g., demographics alone) (Wang et al., 2025a; Bisbee et al.,
2024). Such approaches lack the richness needed to capture
individual-level variation and inevitably induce stereotyp-
ing (Park et al., 2024). Our position is thus twofold: (1)
more complex, individual-level representations are needed
than what much of the literature currently employs, and (2)
there are inherent limits to what simulations can reliably
capture—limits that SAGE respects by focusing on eliciting
viewpoints rather than predicting complex behaviors.

2. Why query the simulations at inference time? Doesn’t
it just add costs? Why isn’t continual post-training
good enough?

Inference-time simulation offers several advantages over
continual post-training. First, it provides prompt-level flex-
ibility and guarantees. With post-training approaches like
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RLHF, even if preference data is gathered from a represen-
tative sample of a target population, there is not currently a
principled way to guarantee, for any given prompt, whose
viewpoints are reflected in the model’s response. Moreover,
different prompts may call for different target populations
and inference-time simulation gives us control over which
population to query on a per-prompt basis.

Second, inference-time simulation offers modularity: simu-
lations can be updated continuously without risking catas-
trophic forgetting or degradation of other model capabili-
ties (Luo et al., 2025), and can potentially be outsourced
to dedicated services, distributing the substantial effort
required to create and maintain high-fidelity simulations
across specialized providers.

While inference-time procedures do increase computational
cost, developing scalable algorithms for inference-time sim-
ulation is an exciting open research direction (see Sec-
tion 3.2), as most uses of simulation do not have the same
kinds of latency requirements. In a concurrent submission,
Anonymous et al. (Anonymous, 2026a) take one step in this
direction by showing that, for any given prompt, you can
select just k ≪ n agents to query such that the k responses
provide approximate proportional representation guarantees,
grounded in social choice theory, to all n agents.

3. The model’s response hinges on the target population.
How is the target population decided, and who makes
that decision?

This is a great question, as the choice of target population
is itself a normative question that raises tricky trade-offs.
For example, when should the population reflect the general
public versus experts? When should the user’s cultural
context be prioritized over global norms? We do not claim
there is a single universally correct rule; instead, the goal is
to make this choice explicit and auditable.

In terms of who decides, the model deployer trains the
model to call the simulations as a “tool”, like any other
inference-time tool. We imagine that when the model calls
the simulations, it must specify both a query and a target
population in natural language (e.g., query: “What is the
best anime?”; population: “anime fans”). It is important
that the model shows the target population to the user along-
side its response, so users can see whose views are being
represented. The model can also potentially show multi-
ple responses, each aligned to a different population (e.g.,
“While experts believe [...], there remains controversy among
the public around [...].”)

Finally, we advocate giving users controlled agency to revise
the target population and regenerate the answer. However,
this also raises potential risks such as echo chambers and
misuse, which need to be safeguarded against (Kirk et al.,

2024a).

4. Why simulations of individuals instead of groups?
Isn’t simulating individuals too difficult?

Aligning with pre-specified groups can obscure substantial
within-group heterogeneity. Simulating individuals instead
provides more flexibility: at inference time, we can select
and query the most relevant individuals for a given prompt,
rather than relying on a fixed set of pre-defined group cat-
egories. This matters because users can ask an essentially
unbounded range of questions, making it impractical to an-
ticipate every group that might be needed. For instance, a
prompt like “What is the best anime of all time?” could call
for querying anime fans—a population we likely would not
have explicitly defined in advance.

A common concern is that learning individual-level sim-
ulations requires prohibitive amounts of data. However,
not every simulation needs to cover all domains. Some
simulated individuals might only be trained on political at-
titudes and should be used only for political queries. The
key methodological challenge, then, is determining when an
individual simulation will generalize reliably to the question
being asked, and when it will not.

3. Research Directions
While there has been a growing body of work on simulat-
ing human behavior with LLMs, our proposed paradigm
of simulation-augmented generation (SAGE) imposes qual-
itatively different requirements. In our framework, mod-
els query simulations for open-ended responses and use
those outputs to inform their own responses. This shift
demands simulations that are open-domain, continuously
updated, and accessible through querying mechanisms effi-
cient enough to operate at the speed and scale of real-time in-
ference. Meeting these requirements introduces challenges
on two fronts: (1) developing the simulations themselves
(Section 3.1), and (2) building the infrastructure that en-
ables models to reliably and efficiently use simulations as
inference-time tools (Section 3.2). We discuss each in turn.

3.1. Developing high-fidelity generative simulations

Realizing our vision of using simulations as inference-time
tools that preserve human normative agency calls for re-
search priorities that differ from much of the current simula-
tion literature.

First, simulations must be trained and evaluated in genera-
tive contexts, where they are producing open-ended natural-
language responses, not merely discrete labels or survey
answers. When a user asks whether they were wrong to
miss a friend’s wedding, the reasoning, framing, and con-
siderations behind different viewpoints matter as much as
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the verdict itself; it is this rich reasoning that shapes how
users interpret and situate their own values (Ye et al., 2026).
By contrast, existing work on simulation often evaluates
only on closed-ended tasks—alignment with fixed survey
responses, replication of experimental effect sizes, and the
like (Binz et al., 2025; Suh et al., 2025; Kolluri et al., 2025;
Hu et al., 2026). Second, simulations should know what
they don’t know. Because users may ask models about any-
thing—interpersonal conflicts, parenting decisions, profes-
sional ethics, political issues, cultural norms—simulations
must be able to assess when they can generalize robustly.
Third, simulations must be continuously updated to reflect
the evolving values and beliefs of the populations they rep-
resent. Societal norms shift in response to world events,
generational change, and public discourse; a simulation an-
chored to a particular historical moment risks perpetuating
value lock-in (Qiu et al., 2024; 2025; Levine et al., 2026;
Freedman, 2026).

Moving towards this vision requires (a) data, (b) training
methods, (c) evaluations, and (d) calibration.

Data. Most simulation work relies on demographic at-
tributes or similarly limited descriptors (Argyle et al., 2023;
Hewitt et al., 2024; Sun et al., 2024; Aher et al., 2023; Bis-
bee et al., 2024; Qu & Wang, 2024). Despite this minimal
conditioning, several studies report strong aggregate per-
formance—for example, Hewitt et al. (2024) found r=0.85
correlation with human treatment effects across 70 exper-
iments, and Cui et al. (2025) showed 73–81% replication
of main effects from 156 psychological studies. However,
these aggregate successes obscure substantial distributional
failures. Bisbee et al. (2024) found that ChatGPT under-
estimates response variance and produces sign reversals in
regression coefficients 32% of the time, while Wang et al.
(2025a) showed that LLMs both misrepresent and compress
demographic groups, failing to capture within-group het-
erogeneity. We argue these shortcomings are structural:
conditioning solely on demographic labels inevitably in-
duces stereotyping and loss of individual nuance. Progress
therefore requires grounding simulations in context-rich,
individual-level data. Park et al. (2024) demonstrate this
by constructing generative agents from two-hour qualitative
interviews, achieving 85% of participants’ own test–retest
reliability while reducing bias relative to demographic-only
approaches. Yet this reliance on rich data creates a practi-
cal bottleneck: such data is sensitive and difficult to share,
forcing groups to collect costly, non-comparable datasets.

We advocate for building infrastructure for shared,
individual-level datasets to enable cumulative progress in
simulation. A promising path forward is to draw inspira-
tion from other sensitive domains such as medicine. Re-
searchers can obtain access to detailed individual-level med-
ical records in large-scale datasets such as the UK Biobank

and NIH’s All of Us Research Program through a structured
governance process: institutional agreements, identity veri-
fication, ethics training, and data use contracts that restrict
re-identification and mandate secure computing environ-
ments. Creating a comparable framework for simulation
data, which includes data like interview transcripts, rich
surveys, and behavioral traces, could accelerate cumulative
progress on simulation.

Training methods. A primary motivation for user simula-
tors in existing work is to use them in training and evaluation
of models (Yao et al., 2025; Kong et al., 2024). SAGE has
a fundamentally different motivation that entails different
requirements. First, since the goal of SAGE is to represent a
population’s perspectives, the most important type of fidelity
is viewpoint fidelity: each agent’s opinions must faithfully
reflect the individual being simulated. This contrasts with
other applications like chat or social media, where stylis-
tic fidelity is also important (Zhou et al., 2026; Dou et al.,
2025). Viewpoint fidelity potentially requires different types
of methods; Wu et al. (2026) show that directly performing
supervised fine-tuning on human responses primarily cap-
tures surface-level attributes and instead use reinforcement
learning to align simulations to higher-level attributes like
stance and emotion. Second, since users can ask anything to
the model, simulations should be trained to generalize across
domains, but most existing work trains only on particular
domains. Finally, SAGE requires simulations that remain
temporally current. People’s views evolve and out-dated
simulations undermine the core goal of faithful representa-
tion. The perhaps most related application is in continual
learning for personalization, where analogous challenges
arise: user preferences change over time, and models must
adapt without catastrophic forgetting (Kim & Kim, 2026;
Yang et al., 2026; Magister et al., 2025; Freedman, 2026).

Evaluations. While existing benchmarks predominantly
rely on closed-ended metrics (Binz et al., 2025; Hewitt
et al., 2024; Cui et al., 2025; Hu et al., 2026), in SAGE,
we must assess fidelity of open-ended simulation outputs.
To capture fidelity of open-ended responses, some works
use cosine similarity between embeddings of the simulator
and human responses to evaluate semantic similarity (Wang
et al., 2025b; Wu et al., 2026). However, SAGE demands
more than semantic alignment—it requires capturing pref-
erence: the degree to which humans like and feel repre-
sented by their simulator’s output. After demonstrating that
off-the-shelf embeddings perform poorly at capturing such
preferences, concurrent work proposes new methods for
learning “preference embeddings” (Anonymous, 2026b).
Another approach is to use LLM judges to assess similar-
ity (Wu et al., 2026; Dou et al., 2025), but this introduces
an analogous challenge: the judge must be calibrated to the
preferences of the individual being simulated (Dong et al.,
2024).
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Confidence estimation. Simulations must be able to ex-
press when they do not know—whether because they are
out-of-domain, lack sufficient information about a person,
or because the person themselves wouldn’t know. But
“confidence” is conceptually murky for open-ended simula-
tions: unlike classification, there is no single correct answer
and the set of “faithful” responses can be large, making
calibration-style probabilities hard to define. A single scalar
(“80% confident”) is also inadequate—it does not reveal
whether the remaining mass comprises minor variations
or fundamentally opposite views. For SAGE, uncertainty
should be legible to the model synthesizing responses. One
direction could be to communicate uncertainty in language
itself, for example by producing textual confidence sets that
describe a range of plausible responses in natural language,
à la conformal prediction, which is being adapted to open-
ended language (Quach et al., 2024; Su et al., 2024).

3.2. Leveraging simulations as inference-time tools

The previous section addressed challenges in developing
high-fidelity simulations. Here we turn to the infrastruc-
ture needed to use those simulations as inference-time tools.
To ground the discussion, in Figure 1 we illustrate a sam-
ple system architecture. The model receives a user query
and decides whether to invoke simulations and which refer-
ence population to query. The router selects which specific
agents within that population to query, balancing efficiency
against representativeness. The selected agents produce
open-ended responses. Finally, the model uses the simula-
tion’s responses to synthesize a final response. The queried
population, final response, and an assessment of its repre-
sentativeness are shown to the user.

Thus far, we have only spoken about the challenges in de-
signing the simulated agents themselves. Here, we discuss
the distinct research challenges introduced by the other com-
ponents of the system.

Querying. The first challenge is to teach the model to use
simulations as inference-time tools. The model must learn
when it is appropriate to query a simulation population, how
to form the query (i.e., what question to ask the population),
and which population to query.

Approaches that teach models to leverage tools through be-
havioral imitation (Nakano et al., 2021) could be adapted for
SAGE relatively straightforwardly, since a simulation query
is at a mechanical level simply another text-in, text-out API
call. However, the deeper challenge would be a normative
one: deciding which population is appropriate to query for
a given request. A question about gift-giving norms may
be best served by respondents in the user’s culture; a ques-
tion about medical ethics might warrant consulting both a
general population and healthcare professionals. This raises
key design questions: when should the model defer to ex-

perts versus the general public? When should it prioritize
the user’s culture or local community versus a global pop-
ulation? While the model will need to select defaults, we
also advocate for giving users the agency to modify which
population is queried, although we recognize that this also
raises potential concerns (e.g., echo chambers or misuse)
that would need to mitigated (Kirk et al., 2024a).

For reinforcement learning approaches that reward the
model based on its final output (Chen et al., 2025a; Feng
et al., 2026), an additional challenge here is defining the
reward signal itself. Standard desiderata for user-facing re-
sponses—helpfulness, harmlessness, and the like—remain
important, but SAGE introduces a novel requirement: en-
suring that responses are representative of a target popula-
tion. To this end, one interesting direction is to incorporate
the simulations in the reward itself—for example, agents
in the relevant population could vote on how well the fi-
nal answer represents their views. The final reward would
then be a social-choice-based aggregation over agent-level-
feedback (Conitzer et al., 2024). A concern with this ap-
proach is reward hacking: because the simulated agents are
themselves LLM-based, the model being trained may learn
to exploit systematic biases or blind spots in the simulations
rather than producing genuinely representative syntheses.

Routing. A second challenge is routing: given a target
reference population, selecting which specific simulated
agents to query. In practice, inference-time systems oper-
ate under strict latency and cost budgets, so only a small
number of agent calls are feasible. With a target population
of n simulated agents, scalability—where n may be in the
thousands or, one day, even millions—requires selecting
only a smaller set of k ≪ n agents. This creates a central
tension for SAGE: routing must deliver scalability with-
out sacrificing representational validity. The challenge is
compounded by the fact that not all agents will be able to
provide confident responses to a given query—some may
lack sufficient grounding information, or the query may fall
outside domains where their simulation is reliable. Routing
must therefore jointly optimize for representativeness and
epistemic confidence: selecting agents that collectively rep-
resent the target population while prioritizing those capable
of producing reliable responses.

In concurrent work, Anonymous et al. (Anonymous, 2026a)
take initial steps toward addressing this challenge. They
formalize representation using concepts from computational
social choice, and show that by learning a cheap embedding
predictor that approximates each agent’s response embed-
ding, it is possible to select representative agents before
querying them, reducing the number of expensive simula-
tion calls from n to k ≪ n while retaining approximate
proportional representation guarantees. Future work could
further improve the scalability–representation trade-off and
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address an open challenge: incorporating epistemic confi-
dence to account for heterogeneity in how reliably different
agents can respond to a query.

Synthesis. Using the responses from each agent, the model
synthesizes a final response to return to the user. This syn-
thesis step presents its own set of challenges. The synthesis
must maintain representativeness: if the routing step care-
fully selected agents to reflect a target population, the syn-
thesis should not then distort this balance by over-weighting
certain voices or collapsing diverse perspectives into a false
consensus. Second, synthesis risks losing important as-
pects of agents’ reasoning. Each simulated agent may of-
fer distinct arguments, considerations, or framings that are
decision-relevant; a synthesis that extracts only surface-level
positions while discarding the underlying rationales fails to
convey the full richness of the simulated responses. This is
particularly problematic for normative applications where
why people hold a view may matter as much as what view
they hold. Third, synthesis should strive for steel-manning
rather than straw-manning: when presenting a viewpoint,
the system should articulate the strongest version of the
argument, not a weakened caricature. This requires the syn-
thesizing model to understand arguments deeply enough to
construct them charitably. Taken together, these challenges
suggest that synthesis is not merely a summarization task
but a form of faithful deliberative compression, requiring
methods that preserve representational balance, argumenta-
tive structure, and the epistemic status of different claims.

User interface. A core promise of SAGE is transparency:
users should understand not only what the model recom-
mends, but also whose views it represents, with the ability
to modify the reference population if desired. This requires
an effective user interface for SAGE, which remains an open
research problem. The bottom panel of Figure 1 illustrates
one possible extension to the typical LLM chat UI. The
user is shown which population the model is querying and
is given an option to modify it. Different segments of the
response are highlighted and surface how common each
view is within that population, helping users distinguish
popular and unpopular opinions, and aiming to reduce the
risk of false balance (Sorensen et al., 2024a). The interface
also reports overall coverage of the synthesized response
(e.g., “88% of views represented”) and offers an option to
inspect views from the population that were not included.
This lets the model provide concise summaries while still
enabling users to explore the full range of perspectives. This
mock-up is meant merely as an illustration of the possibil-
ities, but dedicated HCI research is needed to determine
which designs most effectively help users contextualize the
guidance they receive. Recently, Ye et al. (2026) propose
a more sophisticated interface that represents a more radi-
cal departure from the standard chat UI: it allows users to
traverse a “conceptual multiverse” of possible responses by

controlling key decision points in how the model reasons
about the prompt.

4. Conclusion
As users increasingly turn to AI models for normative as-
sistance—from interpersonal advice to political guidance to
professional judgments—a key question is how to maintain
user agency. Current approaches risk distorting the norma-
tive landscape in opaque and uncontestable ways. We posit
that genuine user agency requires access to a representa-
tive range of perspectives, with transparency about whose
perspectives are being represented, so that users can decide
for themselves. For normative questions, where there is no
objective ground truth, this landscape ought to be grounded
in what humans actually think.

To this end, we proposed simulation-augmented genera-
tion (SAGE), a paradigm in which models query generative
simulations of individuals from prompt-appropriate refer-
ence populations at inference time. SAGE makes normative
assistance transparent and auditable: users can see which
population was consulted and how representative the re-
sponse is, enabling them to situate the guidance they receive
within the broader landscape of human thought. Achieving
this vision is not without challenges. High-fidelity simula-
tions require richer individual-level data, training methods
that prioritize viewpoint fidelity, and robust confidence es-
timation for open-ended outputs. The infrastructure for
efficient inference-time querying, routing, and synthesis de-
mands novel algorithmic and engineering advances. Yet
these challenges represent open research problems rather
than fundamental barriers.

While we have focused throughout on simulating the cur-
rent opinions of individuals, a limitation of this framing is
that most people do not have the time or bandwidth to form
considered opinions on most topics. Deliberative democ-
racy addresses this challenge by creating structured contexts
in which citizens are given time to think deeply, engage
with diverse perspectives, and arrive at more reflective judg-
ments (Fishkin, 2018). One could imagine extending SAGE
to represent not merely the opinions people currently hold,
but to predict the considered opinions they would hold, e.g.,
after going through a deliberative process—a form of simu-
lated deliberative polling (Hewitt et al., 2026; Leike, 2023).
This is an intriguing direction for future work, but poses
further validity challenges.

Overall, SAGE offers a path toward AI that genuinely assists
users in normative choices—not by telling them what to
think, but by helping them access the perspectives of others
so they can decide for themselves.
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