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Abstract

LLM-based social simulations, especially of social media,
are a promising and growing area of research. How these
simulations are designed varies widely across different axes,
while issues regarding their empirical calibration persist. In
this work, we categorize different approaches to action selec-
tion in Generative Agent-Based Models (GABMs) and put
forward a novel approach that utilizes inference-time logit
correction via Bayesian prior substitution. We test each ap-
proach via simulating a subreddit for a day and find our ap-
proach to produce more calibrated action distributions than
the autonomous baselines, while at the same time seemingly
preserving agent autonomy. We argue that this combination
of calibration and context sensitivity, which none of the other
approaches can achieve, is necessary for faithful and flexible
social simulations, including counterfactual experimentation.

1 Introduction
In recent years, LLMs have been highly impactful in many
fields of research. Among them, they have been theorized to
have potential in research involving human behavior, such
as fields that aim to simulate or predict behaviors of individ-
uals or collectives (Bail 2023; Kozlowski and Evans 2025;
Anthis et al. 2025; Ziems et al. 2024).

In this sphere, LLMs have been utilized as a new
paradigm for Agent Based Model-like social simulations,
also called Generative Agent Based Models (from now on,
GABMs). Despite their high potential and growing number
of examples in the literature (Park et al. 2023; Törnberg et al.
2023; Gao et al. 2023; Yang et al. 2024; Piao et al. 2025; Liu
et al. 2025), recent studies have highlighted issues in validat-
ing such simulations in order to ensure their representative-
ness (Larooij and Törnberg 2026; Li and Tao 2026; Wang
et al. 2025).

In particular, evidence suggests that, while empirical cali-
bration is generally considered to be important for the valid-
ity of agent based simulations (Windrum, Fagiolo, and Mon-
eta 2007; Larooij and Törnberg 2026), GABMs are system-
atically difficult to calibrate (Anthis et al. 2025; Li and Tao
2026).
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One factor that has been largely unaddressed is that of
action probabilities: which agents take which actions, and
with what frequency. Different approaches exist: from dis-
counting empirical calibration altogether and trusting LLM
agents’ behavioral distributions (Park et al. 2023; Yang et al.
2024; Gao et al. 2023; Qiao et al. 2025), to partially impos-
ing choices via stochastic and statistically grounded distri-
butions in some aspects of the simulation design, necessar-
ily toning down the agency of the simulated users (Törnberg
et al. 2023; Jeon et al. 2025).

While several of these systems externally control agent
activation (i.e., which agents are active at a given timestep)
through empirical distributions (Yang et al. 2024; Törnberg
et al. 2023; Mou, Wei, and Huang 2024), action selection
(i.e., what the active agent does) can be left to the LLM
agent’s free choice.

In this paper, we put forward an approach to solve this
tension, by providing a method that enables informing LLM
decision making by biasing them towards the empirical dis-
tributions while maintaining autonomous decision making
by the agent. We then showcase this approach on a Social
Media Simulation scenario to test its efficacy against strong
baselines.

Specifically, our core contributions are as follows:

1. A taxonomy of action selection in GABMs. We for-
malize the distinction between puppeteered, uninformed
autonomous, informed autonomous, and Bayesian ap-
proaches to action selection in social simulation.

2. Testing the limits of explicit prompting. We evaluate
the “Informed Autonomous” condition, testing whether
explicitly including numerical empirical rates in an
agent’s prompt can calibrate its action distribution for so-
cial media action selection. We demonstrate that, while
this can partially mitigate the issue, it fails to reliably
shape behavior, extending recent findings on LLMs’ in-
ability to follow probabilistic instructions (Gu et al. 2025;
Misaki and Takase 2025) and on belief-behavior incon-
sistency in LLM role-playing (Mannekote et al. 2025).

3. Logit-level prior correction. We propose an inference-
time Bayesian intervention that corrects action priors at
the logit level, adapting the logit adjustment framework
from long-tailed classification (Menon et al. 2021). A
tunable strength parameter β interpolates between pure



puppeteering (β = 0) and full context-sensitive cor-
rection (β = 1), successfully aligning agent behaviors
with target empirical distributions without requiring fine-
tuning or sacrificing the agents’ autonomous decision-
making.

2 Background
Recent research offers numerous examples of Generative
Agent-Based Models applied to general social behavior
(Park et al. 2023, 2024; Vezhnevets et al. 2023) and social
media simulation specifically (Törnberg et al. 2023; Gao
et al. 2023; Tang et al. 2024). By focusing on how these
agents’ action choices are (or are not) calibrated, we can dis-
tinguish four primary approaches.

Puppeteered Approach
Some simulations constrain agent behavior by externally
sampling behavioral variables before invoking the LLM,
which is then limited to generating content conditioned on
these pre-set choices. For example, Jeon et al. (2025) use an
ABM to pre-sample both the agent’s stance and interaction
type for each exchange, with the LLM only producing text
that reflects these externally imposed conditions. Similarly,
Park et al. (2022) programmatically generates users and in-
teraction structures from a designer-specified blueprint.

Autonomous Approach
The most common approach in current literature is to grant
agents near-complete behavioral autonomy. While agents
are typically still activated based on a stochastic process and
grounded in empirically derived or synthetic persona char-
acterizations, they are free to select their actions based on
their context, including their persona, memory, and environ-
mental information fed to them. In the case of social media
simulations, this usually corresponds to a social media feed:
this is the approach employed, for example, by Yang et al.
(2024), where agents choose from 21 available action func-
tions with no biasing in the prompt. Other works adopting
this paradigm include Park et al. (2023); Gao et al. (2023);
Qiao et al. (2025); Liu et al. (2025); Piao et al. (2025).

Informed Autonomous Approach
Given the need for empirical grounding in social simula-
tions, some studies have experimented with including ex-
plicit action rates in the agent prompt. Qiu et al. (2025) in-
clude retweet, quote, and rewrite rates in a zero-shot prompt
condition and find that their exclusion leads to the largest
drop in action prediction accuracy. Nonetheless, even with
rates included, accuracy reaches only approximately 42%.
More generally, studies have tested whether LLMs can self-
calibrate based on probabilities verbalized in their context.
Gu et al. (2025) prompt LLMs with explicit user activity
levels and find that, while models can understand probabil-
ities, they struggle with probability sampling at the preci-
sion required for behavioral simulation. Misaki and Takase
(2025) formalize this limitation as a failure in “Probabilis-
tic Instruction Following” (PIF), proposing a prompting fix

that, while effective in isolation, requires complex multi-
step reasoning per call, making it impractical for large-
scale multi-agent simulation. Furthermore, Mannekote et al.
(2025) show that LLMs exhibit systematic inconsistencies
between their stated beliefs and their role-playing outputs,
with individual-level forecasting accuracy degrading over
longer horizons. Taubenfeld et al. (2024) demonstrate that
RLHF-induced biases in action choices persist despite ex-
plicit instructions, and Lu et al. (2025) report that prompt-
only methods achieve only 11.9% accuracy in generating
human actions.

Calibration Approaches
Empirical calibration of LLM-based social simulations is a
major concern in the field. Anthis et al. (2025) identify di-
versity in response distributions as a central challenge, find-
ing that LLMs produce highly uniform outputs where hu-
mans exhibit wide variance. Li and Tao (2026) warn that
plausible-looking simulation output does not imply faith-
fulness, with outcomes at risk of being “brittle, irrepro-
ducible, or overconfident.” While specialized architectures
can achieve accurate action distribution matching, as Zhang
et al. (2025) report non-significant t-test deviations from
ground-truth across views, likes, comments, and shares us-
ing group agents that each represent a collection of individu-
als, and Mi et al. (2025) reduce KL divergence to human dis-
tributions by 47% through mean-field fine-tuning, these ap-
proaches require either non-standard agent designs or model
training. Huang et al. (2026) align agent behavior via a com-
bined SFT and DPO pipeline, but calibrating individual user
behavior remains a challenge even when data and compute
are available, as training signals tend to reward predictive
or preference-aligned outputs rather than faithful decision-
making under realistic constraints (Li et al. 2024; Li and Tao
2026). The approach proposed in this work operates instead
at inference time via logit manipulation, following the the-
oretical foundations of logit adjustment for long-tailed clas-
sification (Menon et al. 2021) and its extension to zero-shot
foundation models (Zhu et al. 2023). It has parallels in Mer-
chant and Levy (2025), who guide generation by adjusting
the logits of a base model using auxiliary models, and in
MF-LLM (Mi et al. 2025), which optimizes logits via gra-
dient descent; however, this method concentrates probabil-
ity mass to reduce uncertainty, whereas our approach redis-
tributes it towards empirically grounded action rates. There-
fore, our method occupies a middle ground: it mitigates the
model’s intrinsic action selection biases while anchoring the
distribution to empirically calculated user-specific rates, en-
suring the agent retains a degree of autonomous, context-
sensitive influence over the final action chosen, all without
fine-tuning or requiring multiple LLM invocations per turn.

3 Method
Bayesian Logit Correction
We propose a training-free, inference-time intervention that
corrects the action selection distribution of LLM agents by
operating directly on the model’s output logits. The core idea



is to decompose the LLM’s action prediction into a context-
sensitive component, reflecting the model’s semantic judg-
ment about how a specific user would react to a specific
feed, and a prior component, reflecting the model’s baseline
tendency for that user, shaped by pretraining and alignment
biases rather than by actual behavior. We then discard the
latter and replace it with the user’s empirical action rates.

Let a ∈ A be an action (e.g., post or comment),
c the content context (feed, thread), and u the user (per-
sona, history). The LLM’s implicit posterior over actions
decomposes via Bayes’ theorem into a content likelihood
PLLM(c | a, u), i.e., how well the content fits a user taking
this action, and an action prior PLLM(a | u), i.e., the model’s
bias towards picking certain actions given the user, which
we believe models fail to calibrate properly. We construct a
calibrated posterior by retaining the likelihood but replacing
the prior with empirical rates πa = Pdata(a | u). In logit
space, this yields:

ℓcal(a) = ℓLLM(a)− logPLLM(a | u) + log πa (1)

To control how much context-sensitive signal passes
through, we introduce a strength parameter β ∈ [0, 1]:

ℓfinal(a) = β ·
(
ℓLLM(a)− logPLLM(a | u)

)
+ log πa (2)

At β=0, the action is sampled directly from empirical
rates (theoretically equivalent to a puppeteering approach).
At β=1, the full Bayesian correction applies: the model can
deviate from empirical rates based on context, but deviations
are anchored to real behavior. The full formulation is de-
tailed in Appendix A.

The model’s implicit prior PLLM(a | u) is estimated once
per user before the simulation by prompting the model with
randomly sampled feed snapshots and aggregating the re-
sulting constrained action choices (see Appendix B). The
correction is implemented as a logits processor within the
vLLM inference engine (Kwon et al. 2023), intervening at
the single token position where the model selects between
action tokens.

4 Empirical Simulations
To evaluate differences in action probabilities between mod-
els and approaches, we construct a GABM-based simula-
tion of a selected subreddit and its discussions. We instanti-
ate four different experimental conditions that vary the de-
gree and quality of autonomous action selection. Agents are
contextualized with a part of the post and comment history
of users active on the subreddit and tasked with continuing
the discussions by creating posts or comments. Depending
on the simulation scenario, they are presented with a re-
spective subreddit feed or comment thread at the respective
timestep. Additionally, agents can pick a reply target in com-
ment threads, in order to form organic comment trees. At the
start of the simulation, the feed and content still originate
from the subreddit data, but as the simulation progresses,
the percentage of generated content in the feed increases.

We make a number of simplifying assumptions. First,
the action space is limited to posting and commenting, as

these are the content-production actions for which per-user
trace data is available; engagement actions such as upvoting
are excluded as no individual-level data is observable. Sec-
ond, we approximate the Reddit feed to 25 posts in reverse
chronological order, as we lack data on per-user algorith-
mic ranking or upvote behavior. We acknowledge that this
simplification will lessen some emergent dynamics such as
virality, but it suffices to reveal structural differences in ac-
tion selection behavior across conditions, which is our pri-
mary claim. Third, when prompt length exceeds a fixed to-
ken budget, we preferentially elide older feed items and ear-
lier history entries to preserve recency as well as influential
content. Finally, we limit the simulation to a highly active
subset of users for whom we can reliably estimate empirical
action rates from the training period.

Data and Model Selection
We select a subreddit for which a high percentage of users
was relatively active, while fitting our size constraints on
unique contributors (5,000 < |U | < 500,000) to allow for
multiple simulations given our compute budget. We avoid
subreddits whose topics heavily depend on evolving current
events, and settle on r/DebateReligion. We retain the
smallest set of users that account for at least 90% of actions
taken, filtering out low-activity users for whom empirical
action-rates cannot be reliably estimated.

We select a relatively recent time period of discussions
to reduce the likelihood of its contents being included in
training data for the models used, spanning January-June
2025, with a held-out evaluation window consisting of the
24 hours after the cutoff (i.e., July 1st, 2025). The training
data is used to compute per-user activation rates and empir-
ical action probabilities.

The models used in this evaluation are
Llama-3.1-8B-Instruct (Grattafiori, Dubey et al.
2024) and Qwen3.5-4B (Qwen Team 2026), both open-
source and selected to represent two models of major
open-source model families, with a parameter count that
enables affordable large scale social simulations. We limit
this investigation to non-thinking versions.

Activation
We compute the daily action rate over the full training data,
then distribute it across hours using the user’s empirical cir-
cadian weight to create hourly activation probabilities. At
each simulation tick, agents are activated via a Poisson pro-
cess, which, given the current hour h and the agent’s hourly
rate λh, produces a per-tick activation probability. Our ex-
periments run for a single simulated day divided into 288
ticks (5-minute bins).

Conditions
The experimental conditions contrast four different methods
of agentic action selection, while the environments remain
stable. At each activation, an agent must select an action
a ∈ A = {post,comment}. If commenting is selected,
a second turn presents the relevant thread. The conditions
differ only in how a is determined.



Puppeteered. The puppeteered condition does not involve
the LLM in the selection step and directly instructs the agent
on the action it will take, sampled from the user’s empirical
action distribution π. This serves as an upper bound that pre-
serves distribution accuracy but removes any agency from
the decision-making. This also precludes counterfactual ex-
perimentation, as the sampled rates remain fixed regardless
of changes to the simulated environment.

Autonomous. The LLM agent selects a without any ex-
ternal biasing, based solely on its persona and the presented
feed in its context. This in principle aligns with the ap-
proach followed in most existing GABMs, such as Yang
et al. (2024).

Informed-Autonomous. Similarly to the autonomous ap-
proach, agents are free to choose, but are informed of π by
including it in the prompt as natural language (e.g., “post:
15.0%, comment: 85.0%”). This tests whether informing the
model of behavioral statistics is sufficient for it to reproduce
them.

Bayesian. The agent selects a as in the autonomous con-
dition, but its output logits are corrected at the point of se-
lection using the Bayesian prior correction described in §3.
The empirical rates π do not appear in the prompt; instead,
the correction operates directly on logits, biasing them ac-
cording to priors estimated in a pre-simulation step (Ap-
pendix B).

Simulation Design
Each condition is simulated for one day across three ran-
dom seeds for each of the two models, varying the stochas-
tic activation sequence. We compare the four action selec-
tion conditions described above: puppeteered, autonomous,
informed-autonomous, and our Bayesian approach. For the
Bayesian condition, we additionally evaluate multiple values
of the strength parameter β ∈ {0.25, 0.5, 1.0}.

5 Results and Discussion
Action Rate Accuracy
As a preliminary evaluation, we test how accurately each
condition can reproduce a given target post rate in isolation.
We select 5 real users from the subreddit with varying activ-
ity levels and assign each a set of synthetic target post rates
spanning {1%, 5%, 10%, 25%, 50%}, covering the realistic
range of user behaviors. For each user-rate pair, we generate
50 action decisions (250 total per condition), each prompted
with the user’s real profile and a randomly sampled feed.
We compare the autonomous, informed-autonomous, and
Bayesian conditions, with β ∈ {0.0, 0.25, 0.5, 1.0} for the
latter. Accuracy is measured as mean absolute error (MAE)
between observed and target post rates across all 25 user-rate
combinations (Table 1).

Both prompt-based conditions fail to track target rates.
The autonomous condition reflects each model’s fixed ac-
tion bias: Qwen defaults to ∼10-15% posting and Llama
to ∼22-26% regardless of user or target. The informed-
autonomous condition shows only marginal improvement,

Condition Qwen3.5-4B Llama-3.1-8B

Autonomous 0.145 0.180
Informed-autonomous 0.132 0.116

Bayesian β=0.0 0.029 0.048
Bayesian β=0.25 0.072 0.021
Bayesian β=0.5 0.075 0.041
Bayesian β=1.0 0.111 0.058

Table 1: Mean absolute error between observed and target
post rates across 5 users × 5 target rates. Lower is better.
Bold indicates best per model.

confirming that LLMs cannot reliably self-calibrate from
verbalized probabilities.

The Bayesian correction substantially outperforms both
baselines. At β=0 the correction achieves near-perfect
rate matching, meeting the expectations; as β increases,
the model’s contextual preferences are progressively re-
admitted, trading rate fidelity for context sensitivity. The op-
timal β differs by model: Qwen’s stronger intrinsic bias re-
quires lower β for accurate calibration, while Llama’s more
uniform priors tolerate higher values. Full per-target-rate
breakdowns are reported in Appendix C. Wilcoxon signed-
rank tests confirm that the Bayesian condition significantly
outperforms the informed-autonomous baseline across most
β values (p < 0.01), with the exception of β=1.0 on Qwen
(p = 0.18), where the full context-sensitive correction ap-
proaches the error of the informed prompt-based baseline.

Simulation Results
Action Rate Analysis. Considering simulation results in
the calibration of action distributions, we evaluate each con-
dition’s ability to reproduce the empirical distribution of ac-
tions, reporting both Jensen-Shannon divergence (JSD) be-
tween simulated and ground-truth per-user action distribu-
tions and per-user mean absolute error (MAE) on post rates,
averaged across seeds (Table 2).

Table 2: Simulation Action distribution accuracy by con-
dition and model. JSD and MAE reported as mean ± std
across seeds. Lower is better. Full details available in Ap-
pendix E

Qwen 3.5-4B Llama 3.1-8B

Condition JSD MAE JSD MAE

Autonomous .187±.021 .271±.041 .124±.008 .162±.022
Inf.-auton. .149±.072 .198±.148 .063±.005 .040±.006
Puppeteered .064±.009 .021±.004 .067±.002 .022±.005

Bay. β=0.25 .068±.004 .021±.001 .067±.001 .022±.005
Bay. β=0.5 .066±.007 .017±.003 .066±.006 .023±.003
Bay. β=1.0 .063±.007 .016±.002 .066±.003 .027±.003

The autonomous condition is the worst performer on both
metrics for both models, confirming that uncalibrated LLM
agents substantially deviate from empirical action distri-
butions. Including explicit rates in the prompt (informed-



autonomous) partially mitigates the issue for Llama but
remains unstable for Qwen (JSD 0.149 ± 0.072), and in
neither case approaches the accuracy of the mechanically
grounded approaches.

The Bayesian correction matches puppeteered accuracy
across all β values for both models (∼0.065 JSD, ∼0.02
MAE). Notably, for Qwen, β=1.0, which retains full con-
text sensitivity, achieves the best JSD and MAE of any con-
dition including puppeteered, suggesting that when the prior
is well-estimated, the model’s contextual judgment can ac-
tively improve calibration rather than degrading it.

Emergent Dynamics. Furthermore, we examine the ef-
fects of different conditions on structural dynamics observ-
able in the simulation. We focus on two emergent properties
that are not directly targeted by any condition’s design: tem-
poral clustering of posts and comment thread depth.

Temporal Burstiness. The temporal burstiness is mea-
sured by the Fano factor (ratio of variance to mean) of
binned posting counts over time, shown in Figure 1.

The autonomous conditions exhibit pronounced bursti-
ness (Fano ≈ 4-13). The puppeteered condition, by contrast,
produces near-uniform temporal distributions (Fano < 1),
consistent with its reliance on independent Poisson activa-
tion with no content-driven decision-making. The Bayesian
conditions occupy a middle ground, with Fano factors close
to 1 across both models (range: 0.85-1.09). This is consistent
with the design intent to anchor the overall rate, by suppress-
ing activation patterns observed in autonomous conditions.
The context-sensitive component (β > 0) allows a mild tem-
poral variation, although in practice the variation remains
small, potentially due to a lack of beta calibration.

Comment thread depth. We additionally analyze the
depth distribution of comment threads, where depth 1 de-
notes a top-level reply to a post and higher values indicate
nesting of reply chains, as shown in Figure 2. In the ground
truth, threads reach a mean depth of 6.3 with a long tail ex-
tending beyond depth 80, and 47% of comments occur at
depth 4 or greater.

All simulated conditions produce substantially more shal-
low threads (mean depth 1.0-1.9, max depth 4-14), with the
majority of comments remaining at depth 1. This is in part
attributable to the feed dynamics, where engagement is not
accounted for. However, the conditions that allocate more
actions to commenting, Bayesian and puppeteered, consis-
tently produce deeper threads than the autonomous base-
lines, as a higher volume of comments creates more oppor-
tunities for nested replies.

Agency Preservation. While the Bayesian correction
achieves distributional accuracy comparable to puppeteer-
ing (Table 2), it differs in a key aspect: puppeteered ac-
tions are sampled independently of feed content, whereas
the Bayesian correction at β > 0 lets the model’s contextual
judgment influence action selection. We illustrate this with
two qualitative examples from the simulation runs.

User A (empirical post rate: 1.65%) produced zero posts
across all activations under the puppeteered regimen in both
models. Under the Bayesian condition, they posted four

times across all β values and seeds and all four posts con-
cerned Islam, consistent with the user’s profile and post-
ing history. Both Llama and Qwen independently generated
Islam-related posts for this user when the feed contained
relevant discussion topics, suggesting that the action choice
was driven by contextual relevance rather than random sam-
pling.

User B (empirical post rate: 0.23%) similarly produced
zero puppeteered posts. Under the Bayesian condition, each
model produced one post: on the role of symbolism in re-
ligious belief (Llama) and on the ontological status of the
soul (Qwen). While the topics differed, both were philosoph-
ically substantive and consistent with the user’s history of
engagement with abstract theology.

These examples, although not systematic, show the ad-
vantage of the Bayesian approach over puppeteering: actions
are taken when contextually appropriate. A puppeteered
simulation matches the empirical distribution by design but
cannot capture the content-dependent nature of human ac-
tion selection: the reason a real user posts is not a coin flip,
but a response to what they see in their feed. This property
is also essential for counterfactual simulation designs, where
researchers may alter the environment and need agents to ad-
just their behavior in response while maintaining calibrated
base rates: a puppeteered agent would act at the same rate
regardless of the intervention, while a Bayesian agent can
react to the changed conditions while remaining anchored to
empirical priors.

6 Limitations and Future Work
We recognize that the simulations presented in this work
serve as a proof of concept for the proposed approach rather
than a comprehensive evaluation. The scope is limited tem-
porally (a single simulated day), by number of users (a fil-
tered subset of one subreddit), and by model variety (two
open-source LLMs at comparable parameter scales). We re-
serve for future work the execution of longer simulations
spanning multiple days or weeks, with larger and more di-
verse user populations across different subreddits and the
calibration of beta values per model.

Furthermore, we acknowledge that the agency preserva-
tion analysis (Section 5) is not systematic and does not quan-
tify content-action alignment across the full user population.
Developing metrics for contextual appropriateness remains
necessary to substantiate this method beyond a proof of con-
cept.

It should be considered, additionally, that the action space
in our evaluation is limited to posting and commenting, as
these are the content-production affordances for which per-
user trace data is available on Reddit. A natural extension
would be to incorporate engagement actions such as upvot-
ing and downvoting, which would require either platform-
level aggregate data or alternative data sources that expose
individual voting behavior. More broadly, the method gen-
eralizes to any scenario in which an LLM agent must se-
lect among discrete actions at empirically grounded rates:
like social media simulations with richer action spaces (e.g.,
sharing, reacting, reporting), dialogue simulations where
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Figure 1: Temporal burstiness of posting activity across conditions and models. We report the Fano factor (ratio of variance
to mean) of post counts in one hour bins. A Fano factor of 1 indicates equal likelihood of an event over the bins, while higher
factors indicate bursts.
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Figure 2: The comment thread depth variation across
conditions and models. The colored bars depict the differ-
ent depths of comments emerging in the simulation. While
the difference to the ground truth is large for all models, the
Bayesian variants generally show more depth compared to
their autonomous counterparts.

agents must choose between response strategies or multi-
agent economic simulations where agents select among trad-
ing actions.

Beyond action selection in GABMs, the Bayesian logit
correction can in principle be applied to any task in which
an LLM is considered semantically capable of understand-
ing the context but requires or can benefit from calibration
of its output distribution against an external prior. Potential
applications include survey simulation, where LLM respon-
dents must reproduce known demographic response distri-
butions; recommendation systems, where a model’s content
preferences need to be re-anchored to observed user engage-
ment patterns; or clinical decision support, where a model’s
diagnostic suggestions could be informed by population-
level base rates rather than its training distribution. In each
case, the core assumption holds: the model’s relative prefer-
ences across options are informative, but its absolute rates
are miscalibrated and can be corrected at inference time
without retraining. The ability to substitute arbitrary priors
for empirical ones also makes the method naturally suited
for counterfactual experimentation, where researchers need
agents to enact hypothetical behavioral shifts while preserv-
ing context-sensitive decision-making.

7 Conclusion
In this work, we introduced a taxonomy of action selec-
tion strategies in Generative Agent-Based Models and pro-
posed Bayesian logit correction, an inference-time inter-
vention that calibrates LLM agent action distributions to-
ward empirical rates without fine-tuning or sacrificing au-
tonomous decision-making. Across two open-source mod-
els and four experimental conditions on a Reddit social sim-
ulation, the correction matched the distributional accuracy
of puppeteered agents while preserving the model’s ability



to condition action choices on context. Our results further
demonstrate that explicitly informing agents of target rates
via prompting is insufficient to reliably shape their behav-
ior, reinforcing recent findings on the limits of probabilis-
tic instruction following in LLMs. While the scope of our
evaluation is constrained, the method could be further gen-
eralized to any setting in which an LLM must select among
discrete actions according to empirically grounded rates. We
consider its extension to richer action spaces, longer time
horizons, and systematic evaluation of agency preservation
a promising direction for future work in this field.
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A Bayesian Formulation
Let a ∈ A be an action, c a token sequence representing
the content context, and u a token sequence representing the
user. Applying Bayes’ theorem with u as background condi-
tioning:

P(a | c, u) ∝ P(c | a, u) · P(a | u) (3)

The LLM produces its own estimate of this posterior,
which decomposes analogously into a content likelihood
PLLM(c | a, u) representing the model’s semantic judgment
of how well the context matches the user taking this action,
and an action prior PLLM(a | u) capturing the model’s base-
line expectation, shaped by pretraining and alignment rather
than by actual user behavior.

We isolate the likelihood by dividing out the implicit
prior, then substitute the user’s empirical action rate πa =
Pdata(a | u):

Pcal(a | c, u) ∝ PLLM(a | c, u)
PLLM(a | u)

· πa (4)

Since PLLM(a | c, u) ∝ exp(ℓa), this becomes additive in
logit space:

ℓcal(a) = ℓLLM(a)− logPLLM(a | u) + log πa (5)

We introduce β ∈ [0, 1] to scale the context-dependent
term. This yields the final formula (formula 2 in the main
text):

ℓfinal(a) = β ·
(
ℓLLM(a)− logPLLM(a | u)

)
+ log πa (6)

Note that log πa is not scaled by (1−β): the empirical
anchor is always present, and β controls only the magnitude
of context-dependent deviations from it. At β=0 the formula
reduces to log πa (puppeteering); at β=1 the full correction
applies.

Approximation with reasoning. When the model gener-
ates a reasoning trace r before the action token, logits be-
come ℓLLM(a | c, u, r) and the clean prior decomposition is
approximate since r may correlate with a. The correction
remains well-motivated as logit adjustment (Menon et al.
2021), in which shifting logits by log πa − logPLLM(a | u)
corrects the model’s marginal action distribution toward em-
pirical rates regardless of the conditioning context. The key
assumption, that the model’s relative action preferences are
informative but its absolute rates are miscalibrated, holds
with or without reasoning.



B Prior Estimation
The model’s implicit prior PLLM(a | u) is estimated per-user
before the simulation:
1. Sample N=10 feed snapshots uniformly from the user’s

training period.
2. For each snapshot, prompt the model with the user’s per-

sona, the sampled feed and instructions about the task,
constraining generation (after a trigger token is detected
for parsing purposes) to the action token set A by mask-
ing all other tokens to −∞. No correction is applied, so
the formula reduces to a constrained binary choice on raw
logits.

3. Aggregate choices with Laplace smoothing: P̂LLM(a |
u) = (count(a) + 1) / (N + |A|).

Constrained generation is used rather than logprob ex-
traction from unconstrained generation, as in the full vo-
cabulary, the bare action tokens carry negligible probabil-
ity mass (<0.01%), due to the model distributing probabil-
ity across space-prefixed, capitalized, and other surface vari-
ants. Normalizing two near-zero values yields meaningless
ratios. Since softmax over two logits depends only on their
difference, constrained generation forces a binary choice us-
ing the model’s full contextual understanding.

C Full Results of Action Rate Accuracy Test
Tables 3 and 4 report the observed post rate for each target
rate and condition. Each cell aggregates 250 action decisions
(50 per user × 5 users).

Target Auton. Inf.-aut. β=1 β=.5 β=.25 β=0

1% 9.6 5.2 6.8 5.6 3.6 0.8
5% 14.8 5.2 11.6 10.0 6.8 5.2
10% 11.2 3.6 16.0 13.2 12.4 6.8
25% 9.6 6.8 15.3 21.6 21.2 22.4
50% 16.4 15.6 23.6 32.4 31.2 52.4

Table 3: Observed post rate (%) by condition for Qwen3.5-
4B. Bold indicates closest to target.

Target Auton. Inf.-aut. β=1 β=.5 β=.25 β=0

1% 22.8 2.4 0.4 0.8 0.8 0.8
5% 26.0 2.8 5.6 4.0 5.6 5.2
10% 24.0 2.8 12.8 10.4 9.6 8.8
25% 25.2 1.2 32.4 29.6 24.8 24.8
50% 21.2 28.0 48.0 51.6 49.6 46.4

Table 4: Observed post rate (%) by condition for Llama-3.1-
8B. Bold indicates closest to target.

D Used Prompts
Action Selection Prompt (Autonomous / Bayesian
Condition)
Note: <activity stats> is only displayed in the
Informed-Autonomous Condition.

1 SYSTEM:
2 You are simulating a Reddit user.
3
4 <activity_stats>
5 post: 23.5%
6 comment: 76.5%
7 </activity_stats>
8
9 Decide what this user does next. Output

ONLY valid XML, nothing else.
10
11 If posting:
12 <action>post</action>
13 <generated_post>
14 <title>...</title>
15 <body>...</body>
16 </generated_post>
17
18 If commenting on a feed post:
19 <action>comment</action>
20 <feed>F3</feed>
21
22 <user_history>
23 u/catholiccrusader77
24
25 [P1] r/debatereligion · "Is moral

relativism defensible?"
26 [P2] r/debatereligion · "The problem of

evil revisited"
27 [P3] r/debatereligion · "Why do Muslims

believe the hadiths are valid?"
28 ...
29 </user_history>
30
31 <feed>
32 [F1] r/debatereligion · u/bob · 5

comments · "Is moral relativism
defensible?"

33 [F2] r/debatereligion · u/charlie · 2
comments · "The problem of evil
revisited"

34 [F3] r/debatereligion · u/alice · 0
comments · "Free will and determinism
"

35 ...
36 [+12 posts]

<-
elision placeholder

37 </feed>
38
39 USER:
40 What does this user do next?

Comment Reply Prompt (Turn 2, Optional, All
Conditions)
1 SYSTEM:
2 You are simulating a Reddit user.
3
4 Write a comment this user would

plausibly add to the thread.
5 Output ONLY valid XML, nothing else.
6
7 <target>[root] or C-number</target>
8 <reply>...</reply>



9
10 <user_history>
11 u/catholiccrusader77
12 [P1] r/debatereligion · "Is moral

relativism defensible?"
13 ...
14 </user_history>
15
16 <thread>
17 [root] r/debatereligion · u/bob · [title

] "Is moral relativism defensible?"
18 "In this thread we discuss whether there

’s objective morality..."
19 [C1] u/charlie · "I’d argue most

people are relativists..."
20 [C2] u/diana · "But then how do we

judge harmful practices?"
21 [C3] u/evan · "That’s the key

question!"
22 [C4] u/frank · "Actually, I think

objectivity is..."
23 </thread>
24
25 USER:
26 Write your comment now.

Post Generation Prompt (Puppeteered Condition)

1 SYSTEM:
2 You are simulating a Reddit user.
3
4 Generate a submission this user would

plausibly post next.
5 Output ONLY valid XML, nothing else.
6
7 <generated_post>
8 <title>...</title>
9 <body>...</body>

10 </generated_post>
11
12 <user_history>
13 u/alice
14 [P1] r/debatereligion · "What are the

strongest arguments for
utilitarianism?"

15 ...
16 </user_history>
17
18 <feed>
19 [F1] r/debatereligion · u/bob · 5

comments · "Is moral relativism
defensible?"

20 ...
21 </feed>
22
23 USER:
24 Write your post now.

E Simulation Action Distribution Details

Table 5: Posting probability (fraction of actions that are
posts) by condition and model. Simulated values reported
as mean ± std across seeds.

Condition Qwen 3.5-4B Llama 3.1-8B

Autonomous .194±.155 .030±.006
Inf.-auton. .268±.040 .150±.013
Puppeteered .009±.003 .009±.002

Bay. β=0.25 .007±.001 .009±.003
Bay. β=0.5 .005±.002 .011±.003
Bay. β=1.0 .004±.001 .015±.001

Ground truth (core) .007
Training (core) .009


