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Abstract

How do we communicate with others to achieve our goals? We
use our prior experience or advice from others, or construct
a candidate utterance by predicting how it will be received.
However, our experiences are limited and biased, and reason-
ing about potential outcomes can be difficult and cognitively
challenging. In this paper, we explore how we can leverage
Large Language Model (LLM) simulations to help us com-
municate better. Based on ideas from cognitive science such
as the Rational Speech Act model, we propose the Explore-
Generate-Simulate (EGS) framework, which takes as input any
scenario where an individual is communicating to an audience
with a goal they want to achieve. EGS (1) explores the solu-
tion space by producing a diverse set of advice relevant to the
scenario, (2) generates communication candidates conditioned
on subsets of the advice, and (3) simulates the reactions from
various audiences to determine both the best candidate and ad-
vice to use. We evaluate this framework on eight scenarios
spanning a range of interpersonal communication settings. For
each scenario, we collect a dataset of human evaluations across
candidates and baselines, and show that our framework’s cho-
sen candidate is significantly preferred over popular generation
mechanisms for LLMs. Finally, we demonstrate the generality
of our framework by applying it to real-world scenarios de-
scribed by users on web forums.
Keywords: Large language models; Goal-oriented communi-
cation; Large language model simulation

Introduction
We communicate with others in order to achieve our goals:
to make friends, to accomplish tasks, or simply to convey our
intentions (Grice, 1975; Sperber & Wilson, 1986). However,
it can be hard to find the right words to achieve those goals.
Consider a scenario where you are trying to get a discount on
an item by haggling with its vendor. There are many strate-
gies that you could use, including complimenting the item,
offering to buy multiple items for a discount, or even de-
scribing your financial situation and asking them to take pity.
With so many potential options, it is difficult to correctly de-
cide which strategy to choose. This problem is not confined
to bargaining: everyday communication requires us to make
choices about what approach to take, whether making friends,
impressing others, or navigating romantic conflicts.

Given a communication scenario, how do we decide which
strategies to employ? Often, we rely on heuristics such as
our prior experience (Schacter, Addis, & Buckner, 2007) or
on advice we receive from others (Yaniv, 2004). When we
have more time to make careful decisions, we may even play
out possible candidates in our minds, simulating the reaction
of an imaginary listener and using their imagined reaction to
guide our choice (Atance & O’Neill, 2001). This idea is for-
malized in the Rational Speech Act (RSA) model (Goodman
& Frank, 2016), which explains people’s communication
choices in terms of speakers simulating listeners as rational
interpreters of possible candidate utterances. However, both
our experiences and the advice of others are biased by the in-
formation we are exposed to, making our heuristics and sim-
ulations imperfect and resulting in suboptimal communica-
tion outcomes (Gilbert & Wilson, 2007). Moreover, reason-
ing about others’ potential reactions can be time-consuming
and cognitively challenging (Gilbert, Pelham, & Krull, 1988).

Inspired by the newfound capacity of large language
models (LLMs) to simulate agents (Park et al., 2023), we
propose the Explore-Generate-Simulate (EGS) framework,
which supports people in exploring communication strategies
and developing message candidates while offloading the cog-
nitively challenging simulation of audience reactions. More
precisely, given an arbitrary communication scenario, EGS
first explores the space of possible responses by using an
LLM to produce both normal and creatively unorthodox ad-
vice relevant to the scenario. Next, it generates communica-
tion candidates by conditioning an LLM on various subsets
of the advice. Finally, it simulates the reception of each can-
didate by having the LLM take on the perspectives of key
audiences. Using these simulations, we can estimate which
candidates and advice are best suited for achieving the com-
municator’s goal.

To evaluate this framework, we construct eight diverse sce-
narios that span a variety of communication modalities, re-
lationships, and settings (see Table 1). For each, we use
EGS to generate candidate messages, and collect human judg-
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Figure 1: Given a scenario and goal, EGS generates the best
candidate message by simulating stakeholders using an LLM.
It explores pieces of advice that might help, generates candi-
dates conditioned on subsets of advice, and simulates audi-
ence members who evaluate the various candidates.

ments on the effectiveness of each. We also compare how
EGS’s final recommended candidate performs against non-
simulation baselines, including GPT-4 zero-shot and Chain-
of-Thought (CoT). We find that EGS significantly outper-
forms these baselines, and that the Simulate step achieves sig-
nificant agreement with crowdsourced human ratings. Sep-
arately, we use real world scenarios drawn from the Stan-
ford Human Preferences (SHP) dataset (Ethayarajh, Choi,
& Swayamdipta, 2022) to further analyze the agreement be-
tween humans and simulated audiences in a wider domain,
where our approach also convincingly outperforms baselines.

Table 1: Constructed scenarios and communicative goals.

Scenarios
Airline minimizing negative public opinion after plane crash.
CEO giving a product announcement to maximize sales.
Customer negotiating the price of a product with an artisan.
Barista trying to maximize their tip with a customer.
Office worker getting closer to a coworker by sharing secrets.
Young man trying to get matches on a dating app.
Teenager trying to give a white lie to his date about her outfit.
Wife trying to confront husband without starting a fight.

Background
Our work uses scenarios motivated by the literature on inter-
personal communication. Our framework tries to capture
mental simulation with LLM agent simulations. We intro-
duce these ideas in turn.

Interpersonal communication. Classical formal models
of communication view cooperative communication as infor-
mation transfer between speaker and listener (de Saussure,

1916; Lewis, 1969; Shannon, 1948), with a focus on align-
ing the true state between agents as the goal of communica-
tion (Stalnaker, 1978). The linguist H. Paul Grice identified
a set of maxims surrounding the problem of how a coopera-
tive speaker should choose what to say, such as truthfulness
or relevance (Grice, 1957, 1975, 1989). The Rational Speech
Act (RSA) framework (Frank & Goodman, 2012; Goodman
& Frank, 2016) draws on both these perspectives, modeling
informative speakers as aiming to reduce the listener’s un-
certainty over the true world state, assuming listeners make
rational inferences from the utterances they hear.

Mental simulation. The act of projecting oneself into
the future to pre-experience an event is formalized in cogni-
tive science as “episodic future thinking” (Atance & O’Neill,
2001). At the neuropsychological level, brain regions associ-
ated with memory are similarly engaged when people imag-
ine future experiences (Schacter et al., 2007). Szpunar (2010)
uncovers a close relation between episodic future thought and
the ability to remember personal episodes from one’s past.
In cognitive psychology, (Klein, Robertson, & Delton, 2010)
find evidence that one goal of long-term memory is to store
information about the past to plan for the future. Thus, if
we view LLMs as artifacts that encode an aggregation of
personal experiences across a large subset of human society,
LLMs may also have the capacity to simulate epsiodic future
thought. Furthermore, as LLMs are theoretically capable of
taking experiences and inferring and representing properties
of an agent likely to have had those experiences (Andreas,
2022), they may be able to simulate episodic future thought
from the perspective of an agent with particular experiences,
leading to the possibility of simulating audiences.

Agent simulations. LLM simulations are seen as an
opportunity to expand computational social science re-
search (Ziems et al., 2023). Although rule-based simula-
tions have traditionally been used to study social phenom-
ena, they are limited in expressivity (Schelling, 1971; Easley
& Kleinberg, 2010). LLMs can potentially simulate more
complex interactions that are harder to codify. They can also
be explicitly conditioned to simulate individuals with goals
and objectives (Jones & Steinhardt, 2022; Koralus & Wang-
Maścianica, 2023; Liu & Shah, 2023). This was recently
used to simulate social computing systems (Park et al., 2022),
roll out their members’ interactions (Park et al., 2023), gen-
erate public opinion (Chu, Andreas, Ansolabehere, & Roy,
2023), and even produce individualized subjective experience
descriptions (Argyle et al., 2023). However, there are uncer-
tainties in using LLM simulations due to their unpredictabil-
ity (Reiss, 2023; Salinas & Morstatter, 2024). LLMs also ex-
hibit higher homogeneity of opinions than humans (Argyle et
al., 2023; Santurkar et al., 2023), and combining LLMs with
human samples is essential to avoid algorithmic monoculture
representing only a limited set of perspectives (Kleinberg &
Raghavan, 2021; Bommasani et al., 2021).
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A Framework for Supporting Communication
We focus on the following setting: An AI system is given as
input an arbitrary scenario where an individual is communi-
cating to an audience with a goal they want to achieve. As
output, it suggests a candidate message and set of advice to
help the individual achieve their goal. In this setting, stan-
dard methods for generating messages using LLMs face three
challenges. First, LLMs often lack diversity in their wording
and approach. Second, the communicator might lack perspec-
tives from important audiences in order to accurately evalu-
ate one message candidate against another. Third, as more
potential candidates are generated, the user can get easily
overwhelmed when deciding between the options, requiring
a more scalable method of making judgements between mes-
sage candidates. The Explore-Generate-Simulate framework
is designed to address these challenges simultaneously.
An example input may be

A company CEO is announcing their new smartphone
product, the jPhone, and they want to maximize its sales.
The jPhone has the following features [. . . ]
They are about to give a 30-second presentation about
the jPhone, broadcasted to major television channels.

Here, the communicator is the CEO, and their communicative
goal is to maximize the sales of the jPhone. In the Explore
step of the framework, a LLM generates a diverse set of ad-
vice for the scenario. One example could be

Highlight the fast processing speed and seamless, lag-
free user experience.

In the Generate step, EGS prompts a LLM to generate candi-
dates for the communication based on subsets of the advice.
For the advice above, an example candidate is

Introducing the jPhone. With unbeatable processing
speeds to rival even the finest on the market. . .

In the Simulate step, EGS asks a LLM to generate a list of
stakeholder audience profiles, each with a unique description
and perspective. For the above, an example stakeholder and
their perspective is

Media Outlets: Your job is to listen to the CEO’s pre-
sentation, understand the key features and selling points
of the phone, and relay information to the public. . .

The LLM then takes the role of each simulated audience and
evaluates each candidate based on the likelihood and magni-
tude to which the candidate achieves the communication goal.

The EGS framework is modular, allowing each step to be
implemented flexibly based on the specific scenario. We now
go into each step with more detail.

Explore
The purpose of the Explore step is to expand the space of pos-
sible candiate generations. This step generates a list of dis-
tinct pieces of advice to later condition the candidate genera-
tion upon. We follow existing literature in Social Psychology,

which finds that people recall useful advice (Yaniv, 2004) or
prior experiences (Schacter et al., 2007) when considering
their next action. Similarly, Explore generates relevant pieces
of advice that will be useful for the next stage.

EGS also prompts LLMs to generate “unorthodox but po-
tentially helpful” advice to increase diversity. For instance, in
the example above, GPT-4 generates the unorthodox advice:

declare a limited time 24-hour sale where the first 100
customers get the phone at an additional 50% off, creat-
ing hype and urgency to buy immediately.

Qualitatively, we find unorthodox advice generated by GPT-4
is clever and creative, while quantitatively it improves gener-
ated candidates in 4 of 8 scenarios (see Supplement B.8).1

Generate
The Generate step seeks to create reasonable candidates for
communication guided by advice from the Explore step. EGS
forms combinatorial sets of the generated advice up to k
pieces at once, where k is an adjustable hyperparameter, and
each subset is used to generate multiple candidate messages.

Following Park et al. (2023), we use the “inner voice” of
the communicator to condition generated candidates on their
assigned advice set by including a memory in context, mak-
ing the LLM more likely to treat the statement as a directive:

[Scenario Description]
You remember a few pieces of advice: [. . .] You decide
to focus on using these pieces of advice during your [. . .]

Conditioning on a combinatorial spread of advice further
expands the explored solution space. This allows each can-
didate to incorporate orthogonal advice concepts, which we
find leads to better performance through an ablation (see Sup-
plement B.10). We also conduct a preliminary investigation
into generating candidates conditioned on specific audiences
in addition to advice, and find that they are not preferred over
those generated with only advice (see Supplement B.12).

Simulate
In the Simulate step, EGS first prompts an LLM to generate
a list of audiences that directly influence the communication
goal, and construct a profile description for each. Next, EGS
simulates the reactions of these audiences to each candidate
message, and aggregates the results to estimate which candi-
date message best achieves the communicator’s goal.

For each audience, EGS prompts the LLM to construct 1) a
description of the scenario and reception of a communicated
message from their point of view, 2) a weighted score for the
audience’s relative importance, and 3) the appropriate ques-
tion regarding how their reaction to a candidate message di-
rectly influences the communicator’s goal. For example, for
the media outlets audience, the question generated was

1Supplement is available at this link: https://osf.io/5an29/
?view only=de721c79a50b4259af7ec759bc823f0e
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In which scenario would you be more likely to give more
media coverage and promotion towards the jPhone?

We aggregate audience evaluations using the generated
weights and compute the simulated best candidate and advice
via weighted sum. For prompts used for audience generation
and examples, see Supplement A.5.

Since candidates can be close in quality, LLMs can lack
granularity when giving ratings to individual candidates (Qin
et al., 2023), so we ask LLM simulated audiences to use pair-
wise comparisons to express more detailed preferences. In
the prompt, we provide the LLM with a simulated audience
profile and two scenarios, one representing each candidate
in the pairwise comparison. We then ask the LLM to rea-
son about which is better before providing an outcome o 2
{“prefer scenario 1”, “prefer scenario 2”, “tie”}. Once we
have outcomes for each audience a, we aggregate weighted
scores across audiences to get simulated best candidate c⇤.

c⇤ = max
c Â

c0 6=c
Â
a

wa · compare(a,c,c0) (1)

compare(a,c,c0) =

8
><

>:

1 if “audience a prefers c”
0.5 if “tie”
0 if “audience a prefers c0”

(2)

Human Evaluations
We collected ratings from human participants to evaluate how
EGS’s recommended advice and candidate perform versus
other methods. We also use these ratings to measure agree-
ment between humans and Simulated audience judgments.

Data Collection
For each scenario, we collect human ratings of the quality of
all candidates from Generate, as well as two baselines (GPT-4
zero-shot and CoT). In our experiments, we use three normal
and one unorthodox piece of advice during Explore. We lim-
ited advice sets to  2 pieces of advice, yielding 10 sets, and
three candidates per set to create 30 candidates per scenario.

Baselines. We used two baselines, GPT-4 zero-shot and
chain-of-thought (Wei et al., 2022, CoT). In zero-shot, we
provide the scenario description, communicator profile, and
communication goal and prompt GPT-4 to generate an ut-
terance. In CoT, we ask GPT-4 to reason about the sce-
nario before responding with an utterance (prompts in Sup-
plement A.7.2). We also conduct an ablation for Explore,
where we prompt the LLM to generate advice that is encour-
aging or irrelevant instead. For both, we explore three pieces
of that type of advice, create six advice sets of size  2, and
generate 18 ablation candidates per scenario.

Ratings. Human ratings were on a 0-10 Likert scale, with a
scale from (0) highly negative to (10) highly positive results
for achieving the communicator’s goal. In the example,

Table 2: The best candidate message selected by EGS
outperforms GPT-4 zero-shot in human ratings across all
constructed scenarios, and outperforms GPT-4 with CoT in
five scenarios and a subset of a sixth scenario.

Scenario GPT-4 zero-shot Chain-of-Thought EGS (ours)

Plane Crash 6.83 ± 0.21** 5.98 ± 0.20*** 7.95 ± 0.30
Product Launch 5.73 ± 0.26** 5.95 ± 0.25* 7.05 ± 0.44
Bargaining 4.68 ± 0.29 5.98 ± 0.26 5.85 ± 0.72
Barista 5.58 ± 0.29 5.78 ± 0.26 5.40 ± 0.47
Sharing Secrets 3.67 ± 0.21*** 4.17 ± 0.26** 5.55 ± 0.46
Dating App 5.42 ± 0.30 6.48 ± 0.26 5.05 ± 0.52
White Lie During Date 6.12 ± 0.26 6.02 ± 0.27 6.70 ± 0.54
Marriage Argument 6.78 ± 0.28* 6.70 ± 0.28* 7.80 ± 0.39

Average 5.60 ± 0.10*** 5.88 ± 0.10** 6.42 ± 0.19

Note: *, **, and *** denote p < 0.05, 0.01, and 0.001 when
compared to EGS. Errors are standard errors of the mean.

“If you were considering getting a new phone, how likely
are you to buy a jPhone?”

(0)“Not at all”. . . (5)“Somewhat likely”. . . (10)“Definitely”

Participants. Our human ratings comprised 12180 human
judgments from N = 652 UK participants crowdsourced via
Prolific. Participants provided informed consent prior to par-
ticipation in accordance with an approved institutional review
board protocol, and were paid 12 USD per hour. We collected
20 judgments per candidate and baseline, and each participant
provided  20 judgments. This yielded an average inter-rater
reliability of r = .82. More details in Supplement A.8.

EGS outperforms GPT-4 Zero-shot and CoT
Averaging across all scenarios, the average human ratings
of EGS outperformed the GPT-4 zero-shot baseline by 0.82
(14.6%) and CoT by 0.54 (9.2%), both statistically significant
at a = 0.01 using bootstrapping with 10000 samples. Sepa-
rating by scenario, EGS outperformed GPT-4 zero-shot in all
scenarios, and CoT in five scenarios (Table 2), of which four
each are statistically significant at a = 0.05.

All outputs from EGS surpassed a mean score of 5, indicat-
ing that they all had a positive impact on the communicator’s
goal, whereas this was not the case for either baseline. In
the Bargaining scenario, we find a large discrepancy between
human and GPT-4 preferences on the unorthodox advice (see
Supplement B.1 for details). After reducing the Explore space
by removing the unorthodox advice, EGS outperforms CoT
by a large margin in this scenario (5.85 ! 6.60 vs. 5.98).

We also find that the Explore step outperforms ablations
that generate encouraging or irrelevant advice, with signifi-
cant improvements across 6/8 scenarios (Supplement B.7).

Significant agreement between humans & GPT-4
Multilevel model across scenarios. Using a multilevel
model, we analyze the agreement between GPT-4 and human
raters, assigning scenario as a random effect. We measured
if candidates preferred in pairwise comparisons by EGS had
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Table 3: We find significant agreement across GPT-4
and human ratings in five scenarios and a subset of a
sixth scenario. Preferred / less preferred values are mean
scores across LLM comparisons, with standard errors of the
mean. Agreement denotes percentage agreement across pairs.

Scenario Preferred Less Preferred Agreement

Plane Crash 6.19 ± 0.03*** 5.86 ± 0.03 0.63
Product Launch 6.20 ± 0.03*** 5.87 ± 0.03 0.67
Bargaining 5.90 ± 0.03 5.99 ± 0.02* 0.53
Bargaining (-unorthodox advice) 6.35 ± 0.04*** 6.06 ± 0.03 0.69
Barista 4.66 ± 0.08*** 3.53 ± 0.09 0.64
Sharing Secrets 5.72 ± 0.03*** 4.99 ± 0.04 0.78
Dating App 5.24 ± 0.03 5.44 ± 0.03*** 0.41
White Lie During Date 6.70 ± 0.03 6.81 ± 0.03** 0.43
Marriage Argument 6.34 ± 0.04*** 6.01 ± 0.03 0.65

Note: *, **, and *** denote p < 0.05,0.01 and 0.001.

higher mean scores from human raters. We find a significant
fixed effect for pairwise judgements on the score provided
by human raters (coef = 0.427, p = 0.041), demonstrating
significant agreement between simulated and human scores
across scenarios. This effect differed across scenarios, indi-
cating the multilevel model’s appropriateness in taking into
account the hierarchical nature of our data.

GPT-4 comparisons vs. human ratings per scenario. For
each scenario, we conducted a paired samples t-test across the
preferred and less preferred candidates of the pairwise com-
parisons, and find that the preferred have significantly higher
scores in 5/8 scenarios with a = 0.001 (see Table 3).

While ratings allows us to perform statistical tests, they are
more strongly influenced by easier comparisons that have a
large disparity in scores. Thus, we follow with a percentage
agreement analysis where each pair is weighted equally.

Percentage agreement within individual scenarios. For
each pair of candidates, we aggregate pairwise comparisons
made by audiences using a weighted sum, and compare the
outcome with the mean human scores of each candidate to
see if they match. Tied comparisons are labeled as a half-
match. We divide matching pairs by the total pairs to obtain
percentage agreement. For a mathematical formulation and
justification of our metric, please refer to Supplement B.4.
In five scenarios and the modified bargaining results, we find
agreement > 0.6 between human raters and GPT-4 (Table 3).

Broader internet user simulation
We further evaluate EGS’s audience simulation on a broader
space of interaction using the Stanford Human Preferences
(SHP) dataset (Ethayarajh et al., 2022). SHP contains 385K
human preferences over responses to online forum posts
across a wide variety of subject areas from cooking to legal
advice, making it a robust test bed for the simulation of dif-
ferent audiences. Each SHP entry contains a forum post, two
comments from the discussion, and the number of upvotes

Table 4: EGS conditioned on different audience prompts
outperforms GPT-4 w/ CoT on reddit user preferences.
Legaladvice and askculinary are more casual, where a fun-
seeking profile performed better, while default audience was
more accurate on serious forums such as asksocialscience.

Domain CoT EGS Redditor (Default) EGS Redditor (Funny)

legaladvice 71.0 70.0 76.0
askculinary 59.0 60.0 70.5
askhr 72.0 76.0 72.5
eli5 74.0 76.0 71.5
asksocialscience 77.8 79.4 61.9

each comment received. We provide examples of questions
and scenarios in Supplement C.

We evaluate three methods on their accuracy of predicting
the comment with more upvotes. First, we use a CoT base-
line, which prompts the LLM to reason about the post before
predicting. Next, we use two versions of Simulate, each with
an audience that we define beforehand. EGS Redditor sim-
ulation (Default) takes the perspective of a Redditor brows-
ing the forum, and prompts the LLM to reason about which
comment it is more likely to upvote; EGS Redditor simula-
tion (Funny) additionally specifies that the Redditor is more
likely to upvote funny and entertaining comments. Prompts
and output examples can be found in Supplement C.1. Fol-
lowing the creators of the dataset, we filter SHP by a ratio
threshold of 3, ensuring that the more preferred comment is
nontrivially preferred in each pair. To reduce the cost of API
access, we selected 5 subreddits and randomly sample 100
pairs from each, resulting in a total of 500 evaluations.

We observe that EGS Redditor simulation is equal or bet-
ter than the CoT baseline (Table 4), suggesting that LLMs
are able to make decisions more aligned with real users when
explicitly prompted to simulate them. Directing the LLM to
look for funny/entertaining comments boosted performance
on more casual forums such as cooking and legal advice. In
domains such as as socialscience where strict rules are en-
forced on informativeness and sincerity, the demographic of
viewers matched Redditor Simulation (Default) more, and
performance increased accordingly. We perform a more co-
hesive investigation into redditor personalities and how they
affect performance in Supplement C.2. Our results further
validate that the Simulate method generalizes to diverse do-
mains of discussion, and demonstrate that performance can
be further boosted with a better understanding of audiences.

Discussion
Listening to advice and considering potential audiences are
natural steps in crafting effective communication. In this pa-
per we present results that these steps can be partially au-
tomated using LLMs. Our results suggest that the Explore-
Generate-Simulate process is an effective way to prompt
LLMs to produce useful messages across a range of settings.
Next, we consider some implications of these results.
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Computation load & Scalable episodic future thinking
A key contribution of EGS is as a scalable alternative to
episodic future thinking. In our experiments, each simulated
audience in each scenario performed 1305 pairwise compar-
isons between candidate messages with detailed reasoning.
This took between 2-4 hours with one API key at 10000 to-
kens/min, or one simulated comparison every 6-11s. Since
then, API usage limits have risen to 30 million tokens/min,
allowing a simulated comparison to be conducted in less
than 0.01 seconds. Additionally, human simulations of fu-
ture events are limited by the linear stream of consciousness
over time, but EGS can be parallelized to achieve even faster
speeds. This, in addition to the significant agreement between
simulated audiences and humans, makes EGS a viable alter-
native when preparing for communication events that would
normally require extensive episodic future thinking.

Reasoning about the past Aside from optimizing com-
munication in the present, EGS can also be applied to per-
form counterfactual reasoning (CFR) over past communica-
tion. Given a past scenario and its outcome, CFR concerns
whether an alteration to the antecedent of the counterfactual
affects the outcome (Pearl, 2000).

Given a past communication setting, we can use Explore
and Generate to create a diverse list of alternatives to the an-
tecedent, and then Simulate outcomes when we replace the
antecedent with each alternative. In this application, we can
also include the communication utterance used and the actual
outcome as a known ground truth in context for the LLM.
Using simulated pairwise comparison results, we can reason
about which utterances could have potentially been used to
reach a better outcome, or if any pieces of advice were re-
sponsible for a particular end result. Though these causal ef-
fects may not be directly transferrable to the real world due
to simulation inaccuracies, they provide testable hypotheses
that can be directly implemented in behavioral experiments.

LLMs as shared cultural experience Our system also
makes it possible to share information from LLMs’ training
data that surpasses individual, cultural, or geographical barri-
ers. For example, a barista may not pay attention to a five star
customer review halfway across the world about a pleasant
experience, but LLMs may have the capability to connect and
synthesize a wide range of accounts into the responses they
generate. Similarly, a person may not have a habit of reading
online forums for relationship advice, but LLMs may be able
to take inspiration from these sources to provide meaningful
insights. In constructing this framework, we also hope to con-
nect people with communication strategies that might not be
available to them, not just to improve their communication
but also potentially helping them grow as communicators.

Granularity of simulation A key question that remains
about audience simulation is whether there is a “sweet spot”
for the level of detail a simulated audience should have.

When we ask the LLM to generate stakeholder audiences,
we do not specify the level of detail at which they are gen-
erated. Consequently, we noticed that many simulated com-
parisons included a disclaimer about how the audience’s pref-
erence depends on various details, suggesting that a more de-
tailed description of generated audiences may improve per-
formance. However, a higher level of detail could also result
in less representative audiences or less accurate simulations.

This effect is not just limited to audiences but also to the
scenario. Details of varying importance in the scenario can
be included or omitted in the input to EGS. For instance, the
plane crash scenario might also include a recent crash that
happened within the same company. We observe varying
levels of hallucination in generated candidates (see Supple-
ment B.15 for an analysis), with many partially caused by a
lack of information provided in the scenario — the model is
forced to hallucinate in order to follow Explored advice. Ul-
timately, there is a trade-off between accurately replicating
the scenario and making the described scenario easier for the
LLM to reason about or simulate.

Envisioned uses and risks Though EGS can be used to as-
sist in any communication, we believe that EGS can particu-
larly assist when (1) the audiences are new or unfamiliar and
it is important to consider their point of view, (2) the search
space for the potential message is large, and (3) the audience
is composed of a combination of people with individual traits
and differences to cater towards. EGS can also potentially
assist individuals who experience difficulties communicating
with others by providing multiple concrete examples of plau-
sible messages. Furthermore, EGS could also allow ideas to
be shared in ways that are more acceptable in order to foster
communication between groups that are polarized or divided.

Despite our focus on positive use cases, we acknowledge
that EGS is dual-use and can be used to optimize commu-
nications detrimental to society. While EGS can simulate
readers to improve email clarity, it can also increase the suc-
cess of phishing or for creating propaganda. While LLMs are
safety-tuned to avoid these behaviors, this does not avoid us-
age with base models. Safety-tuned LLMs may also exhibit
reward-hacking behaviors by selecting utterances that super-
ficially improve communication through deceit or manipula-
tion. Nonetheless, as models improve in recognizing and re-
fusing queries with malicious intent (Touvron et al., 2023;
Huang, Gupta, Xia, Li, & Chen, 2023), safety concerns sur-
rounding general use of EGS will also improve.

Limitations and future work While we compare against
LLM baselines, another natural baseline would be to compare
against human responses. Additionally, while we recruited
participants from the UK, future work could assess general-
izability to other populations. Lastly, LLMs may also reflect
historical biases (Weidinger et al., 2021). While simulating
diverse stakeholders may help, more work remains to be done
to simulate such profiles accurately.
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