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Abstract

Building datasets for dialogue tasks is expen-
sive and time-consuming, requiring recruit-
ment, training, and data collection from study
participants. In response, much recent work has
sought to use large language models (LLMs) to
simulate both human-human and human-LLM
interactions, as they have been shown to gen-
erate convincingly human-like text in many
settings. However, how well do LLM-based
simulations reflect real human dialogue? In
this work, we answer this question by gener-
ating a large-scale dataset of 100, 000 paired
LLM-LLM and human-LLM dialogues from
the WildChat dataset and quantifying how well
the LLM simulations align with their human
counterparts. Overall, we find relatively low
alignment between simulations and human be-
haviors, with systematic differences in multiple
textual properties, including style and content.
Further, we find that models perform similarly
in simulating English, Chinese, and Russian
dialogues. Our results also suggest that LLMs
only simulate a narrow range of the overall dis-
tribution of human dialogue, as they perform
better on the subset of humans who write simi-
larly to the LLM’s own style.

1 Introduction

Large language models (LLMs) can generate con-
vincingly human-like responses to a broad range of
inputs. Recent work has examined their ability to
simulate human interactions in different scenarios
(Zheng et al., 2023; Köpf et al., 2024; Zhao et al.,
2024), including humans interacting with other hu-
mans (human-human dialogue) and humans inter-
acting with LLMs (human-LLM dialogue). For
instance, LLMs may be used to simulate the perfor-
mance of moderator bots (Cho et al., 2024), chat-
bots (Tamoyan et al., 2024), and UIs (Liu et al.,

*Research was done while all authors were at the Univer-
sity of Michigan. All authors have equal contribution, and
order is randomized except senior author.

Figure 1: A sample conversation between a human and GPT-
3.5 on a sample from the WildChat data. Turn 3 of the conver-
sation was originally generated by a human. In this study, we
use the SIMULATOR to mimic the human’s Turn 3 response.
We then compare the SIMULATOR’s output against the HU-
MAN’s output using 21 metrics, covering lexical, syntactic,
semantic, and stylistic features.

2024b), as well as generate additional data for fine-
tuning models (Njifenjou et al., 2024a). In addition
to task-specific applications, multi-purpose sim-
ulators generate a range of conversations across
diverse dialogue settings (Kim et al., 2024; Sekulic
et al., 2024; Wang et al., 2024b). Such simula-
tions can greatly facilitate collecting data, which
often require costly human labor and are difficult
to scale to the diversity of LLM abilities. However,
this approach can only be effective if the responses
generated by the LLM mirror how a human would
interact in different scenarios. In this work, we ask:
to what extent can LLMs simulate the responses of
humans in a human-LLM dialogue?

To evaluate the simulation capabilities of LLMs,
we evaluate how closely they reproduce human re-
sponses in real human-LLM dialogues. Our study
asks three research questions: (RQ1) to what extent
does the choice of model and prompt instructions
influence the LLM’s ability to simulate human re-
sponses in human-LLM dialogue; (RQ2) how do
these results generalize to languages other than En-
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glish; and (RQ3) in what contexts are LLMs most
effective at simulating human responses?

To answer these questions, we develop an evalu-
ation framework on top of human responses from
the WildChat dataset (Zhao et al., 2024) – a corpus
of one million conversations between HUMANs and
CHATBOTs across multiple languages and domains.
The dataset contains multi-turn conversations, mak-
ing it well-suited to our research objective. For
each dialogue, we compare the HUMAN ’s response
with that generated by an LLM (denoted as SIMU-
LATOR) as illustrated in Figure 1. Responses are
compared across multiple categories—including
lexical, syntax, semantics, and style—to assess
their fidelity to human utterances. Using multi-
ple LLMs and prompts, we evaluate which settings
led to better simulation and use regression analysis
to identify the factors most strongly associated with
generating human-like responses.

This paper makes four key contributions. First,
we introduce a general evaluation framework for
human-LLM simulations and a new dataset of over
1.2K annotator responses for a human-level perfor-
mance comparison. Second, we conduct a large-
scale analysis of 9 LLMs across 50 prompts simu-
lating 2K English human-LLM conversations, and
find that even the best model and prompt com-
binations are relatively weak at simulating hu-
man responses. Third, we extend our analysis
to 10K Chinese and Russian human-LLM con-
versations, finding roughly similar performance
across languages. Fourth, through regression anal-
ysis, we show that SIMULATORs have limited abil-
ity to adapt to different writing styles and con-
versational settings. All data and code are avail-
able at https://github.com/davidjurgens/human-llm-
similarity.

2 LLMs to Simulate Human Interaction

Given the practical use of LLMs in mimicking hu-
man turns in conversations, many studies deal with
simulating human-LLM interactions and develop-
ing relevant conversational datasets for generic con-
versations (Tamoyan et al., 2024; Njifenjou et al.,
2024b; Gosling et al., 2023) or for conversations of
a specific domain, such as education (Abbasiantaeb
et al., 2024), health (Cho et al., 2023; Liu et al.,
2025a), or programming (Liu et al., 2024b). Simi-
larly, LLM-LLM interactions highlight the general
capability of LLMs to mimic human discussions
(Park et al., 2023; Zhou et al., 2024; Rossetti et al.,

2024; Zhou et al., 2023; Chen et al., 2023). In order
to facilitate further research, a battery of studies
have introduced various datasets of human-LLM
(Zheng et al., 2023) and LLM-LLM (Kim et al.,
2022; Chen et al., 2023) dialogue. Digital Twins
have also been studied as virtual replicas of phys-
ical systems, in this case, humans in various dis-
cussion settings (Barricelli et al., 2019; Barricelli
and Fogli, 2024; Rossetti et al., 2024; Wen et al.,
2024). It is common in many of these contexts for
LLMs to augment—or even replace—human labor
with simulations, thereby reducing time and effort
(Kojima et al., 2022; de Wit, 2023).

Humans, however, tend to have their specific
style, intent, and self-creativity, which are challeng-
ing for LLMs to mimic despite recent technological
breakthroughs (Stevenson et al., 2022; Wu et al.,
2023; Wolf et al., 2023; Gui and Toubia, 2023;
Jiang et al., 2024b). Specifically, Leng and Yuan
(2023) highlight that while LLMs show promise for
applications in social science research, further in-
vestigation into their subtle behavioral differences
from humans and the development of robust eval-
uation protocols are essential, thus motivating our
research. Multiple metrics have been proposed to
measure these differences, including content rel-
evance (Abeysinghe and Circi, 2024), emotional
alignment (Mæhlum et al., 2024), and intent accu-
racy (Kim et al., 2024). A few studies (Sedoc et al.,
2019; Svikhnushina and Pu, 2023; Mayor et al.,
2025; Lu et al., 2025) have explored broader eval-
uation techniques by developing frameworks that
align closely with human judgment. However, com-
prehensive research about how different measures
vary between LLMs and prompts is still lacking.
In this work, we address this measurement gap
by analyzing how LLM responses compare to hu-
man responses across multiple similarity measures,
LLM models, and prompts.

3 Problem Definition

LLMs are often used to simulate humans in vari-
ous dialogue settings (e.g., moderation, customer
service), based on the assumption that LLMs will
simulate the behaviors of interest because they
can faithfully reproduce the underlying dialogue.
While task-specific evaluations remain necessary,
our research questions test the underlying assump-
tion by examining the conditions under which SIM-
ULATORs can replicate the ways in which HUMANs
prompt CHATBOTs like ChatGPT. We adopt the fol-
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lowing modeling task, which provides a controlled
setting for this question: Given the initial HUMAN

utterance, followed by the CHATBOT’s response,
we prompt an LLM SIMULATOR to suggest the
next HUMAN response in the discussion (i.e., HU-
MAN Turn 3). The “true” HUMAN Turn 3 is known
(but not given as input to the SIMULATOR), as it
is part of the WildChat dataset and thus acts as a
reference for evaluation.

This modeling setup offers the following desir-
able properties. First, using HUMAN Turn 3 as
a reference allows us to examine multiple factors
influencing simulation quality: (i) the linguistic
similarity between SIMULATOR and HUMAN re-
sponses, (ii) the impact of the initial HUMAN Turn
1 and CHATBOT Turn 2, and (iii) the effects of
the model and prompt used. Second, limiting to
HUMAN Turn 3 allows us to study these factors in
isolation at the early stage of dialogue, i.e., without
the added influence of multiple (simulated or natu-
ral) turns. This is useful because it reveals how well
the SIMULATOR can extend a conversation with
minimal context. Finally, this setup maximizes the
evaluation dataset from WildChat while still con-
taining multiple turns, as most conversations in the
dataset end with 3 or fewer turns.

4 Generating Simulation Data

To evaluate how well LLMs can simulate HUMAN-
CHATBOT interactions, we generate a large dataset
of dialogue simulations. Since many applications
require simulating a broad spectrum of conversa-
tions, we use a dataset containing a wide range of
dialogues between HUMANs and a CHATBOT (typ-
ically GPT-3.5), and our evaluation framework is
comprehensive and multidimensional.

Wildchat Data WildChat (Zhao et al., 2024) is
a multilingual corpus of one million conversations
between HUMANs and a high-performing CHAT-
BOT, totaling over 2.5 million interaction turns.
English accounts for 53% of the turns. Our analy-
sis uses a sample of 102k English instances, along
with 10k Chinese and 10k Russian instances for
multilingual experiments in §6.

To generate SIMULATOR responses, we take the
first two turns of each conversation (HUMAN ini-
tial query and CHATBOT response) as input. The
model is then prompted to generate what the HU-
MAN Turn 3 response would be, or to indicate the
HUMAN would not have responded (Figure 1).

Prompt Composition Since the wording of a
prompt can have a significant impact on an LLM’s
output and adopted persona (Röttger et al., 2024;
Wright et al., 2024; Ceron et al., 2024), we conduct
experiments with a diverse set of prompts. Work-
ing independently, 12 authors familiar with LLMs
composed a total of 50 candidate prompts for this
task. The prompt’s aim was to have the SIMULA-
TOR match the conversational intent, content, and
style of the first turn and to decide whether the
conversation continues or not. Each prompt writer
was given 10 randomly sampled dialogues from
WildChat as a reference, and were encouraged to
test their prompts using a CHATBOT or other avail-
able tools. Three example prompts are shown in
Supplemental Table 7.

Prompt Taxonomy We built a six-factor prompt
taxonomy (Appendix F), characterizing attributes
like whether each of the 50 prompts assigned
the LLM an explicit role (e.g., “you are a hu-
man”), was framed as a question or instruction, at-
tempted prompt-hacking (e.g., jail-breaking, injec-
tion), included specific stylistic instructions (e.g.,
be “human-like”), employed common techniques
like chain-of-thought reasoning or decomposition,
and included instructions to consider the HUMAN’s
intent. Two authors collaboratively labeled each
prompt’s strategy, finding strong representation
across different types of prompts (Table 4).

Generating and Parsing Simulated Turn 3
Each of the 50 prompts was used to generate the
third turn of randomly sampled English-language
dialogues from WildChat (details in Appendix §A).
We employed 9 models, selected to represent a
range of sizes from the most widely used open-
weight model families on HuggingFace at the time
of writing.1 To extract the SIMULATOR’s response
text, we applied custom regular expressions for
each prompt. 4 prompts were discarded because
they frequently failed to produce valid output.

Evaluating LLM Simulations To evaluate sim-
ulation quality, we select 21 linguistic measures
spanning 4 categories: style, lexical, syntactic, and
semantic (Appendix Table 1). These categories and

1The nine models are: Meta-Llama-3.1-8B-
Instruct (Dubey et al., 2024), Meta-Llama-3.1-70B-
Instruct (Dubey et al., 2024), Meta-Llama-3-70B-
Instruct (AI@Meta, 2024), Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), Mixtral-8x7B-Instruct-v0.1 (Jiang et al., 2024a),
Mistral-Large-Instruct (Mistral, 2024), Phi-3-medium-4k-
instruct (Abdin et al., 2024), Qwen2-72B-Instruct (Yang et al.,
2024), and c4ai-command-r-v01 (Cohere, 2024)
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Figure 2: How well do LLMs simulate HUMAN responses to a CHATBOT? We compare the nine models used as SIMULATORs
to the original HUMAN by correlating properties of the text they write (see Table 1 for the metrics used). Bars represent the
average correlation across all metrics in a category, and error bars are bootstrapped 95% confidence intervals over these metrics.
As a baseline, we also compare the performance of a human annotator on this task. There is limited cross-model variation
in performance, and SIMULATORs tend to have higher performance in semantic features and lower performance in syntactic
features, while the opposite is true of the human annotators.

measures were selected due to their widespread
use in NLP tasks (Sebastiani, 2002; Stamatatos,
2009; Fu et al., 2018; Ribeiro et al., 2020). The
output of these measures can be either a scalar, a
probability distribution, or a feature vector. Scalars
include both unbounded measures (e.g., utterance
length) and bounded measures in [0, 1] (e.g., text
sentiment). Probability distributions include, e.g.,
the probability that a token with a particular part
of speech appears in a sentence across different
parts of speech. Feature vectors include semantic
(SBERT, Reimers and Gurevych (2019)) and style
(LUAR, Soto et al. (2021)) embeddings. Finally,
we record whether the SIMULATOR and HUMAN

end the conversation at Turn 3 as a binary outcome.

5 Can LLMs Simulate Human Replies?

In the first experiment, we measure the overall simi-
larity of SIMULATORs to HUMANs across a variety
of models and prompts (RQ1). Overall, we find
that the choice of SIMULATOR has only a minor
impact on the ability to simulate HUMANs, while
the design of the prompt is most relevant when
optimizing performance.

5.1 Experimental Setup

For our first experiment, we use the setup from §4
to generate 828K simulated responses – 9 models,
46 prompts, and 2,000 randomly-sampled English

conversations (1,239 end at Turn 2, 761 continue
into Turn 3). To evaluate performance, we measure
the similarity between the original HUMAN Turn
3 response to the SIMULATOR Turn 3 response in
21 lexical, syntactic, semantic, and style proper-
ties. Example metrics include utterance length and
perplexity for lexical, parts of speech distribution
for syntax, SBERT embeddings for semantic, and
politeness for style (cf. Table 1 and Appendix C).

We calculate the similarity between HUMAN and
SIMULATOR Turn 3 for each of these 21 metrics.
For scalar metrics (e.g., length, classifier probabil-
ities), similarity is the Pearson’s R correlation be-
tween HUMAN and SIMULATOR values, reflecting
whether SIMULATORs mirror relative differences
among HUMANs (e.g., who writes longer, more
formal, etc. replies). For distribution metrics (e.g.,
POS tags, topics), similarity is the average correla-
tion of HUMAN and SIMULATOR class frequencies
over all classes in the distribution. For vector met-
rics (e.g., BERT, LUAR), similarity is the average
correlation of each dimension of the HUMAN and
SIMULATOR embedding;3 since the dimensions of
embeddings are not inherently meaningful, we first

3A more standard approach for calculating similarity
would be to take the average cosine similarity for each HU-
MAN/SIMULATOR pair. However, we chose to use correla-
tions, so the feature vector similarity scores would be compara-
ble to other metrics. Doing so yields similarity scores that are
highly correlated with the corresponding cosine similarities.

41398



Lla
ma3

.1-
8B

Lla
ma3

.1-
70

B

Lla
ma3

-70
B

Mist
ral

-7B

Mixt
ral

-8x
7B

Mist
ral

-La
rge

-12
3B

Phi-
3-1

4B

Qwen
2-7

2B

Com
man

d-R
-35

B
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

B
in

ar
y 

F1

0.02 0.03 0.02 0.07 0.12 0.15 0.15 0.15
0.21

Random Baseline (0.55)

Annotator Baseline (0.60) Meta
Mistral AI
Microsoft
Qwen
Cohere

Figure 3: How well do LLMs predict whether HUMANs
end a conversation with CHATBOT after the first turn? Each
bar represents the binary F1 score of each model predicting
whether a conversation will end. The gray horizontal lines
show the performance of human annotators and a random
baseline that ends the conversation 50% of the time. While
there is inter-model variation, all models perform worse than
chance. The human annotator performs better than chance.

rotate the embeddings using principal components
analysis, so each dimension corresponds to an em-
bedding’s alignment with the direction of a princi-
pal component. To aggregate results, we averaged
the correlation values to create four category-wise
similarity scores for lexical, syntactic, semantic,
and style, using the grouping in the first column
of Table 1. For the decision of whether to end the
conversation at Turn 3, we use the binary F1 score
to compare HUMAN and SIMULATOR responses.

Although we have the HUMAN ground truth for
Turn 3, two humans in the same setting may act dif-
ferently, so we are unable to capture conversation-
specific variation. Instead, we compare relative dif-
ferences in metrics across simulation approaches
to ensure fair comparison. To estimate the range
of plausible human responses in a given context,
a group of 12 authors (who did not contribute to
WildChat data) completed the same task as the SIM-
ULATORs by generating Turn 3 responses. A total
of 1,273 turns were annotated (Appendix §B has
details). We compared SIMULATOR performance
on the subset of turns where both annotators and
SIMULATOR continued the conversation.

5.2 Comparison between SIMULATORs and
Human Annotator Baseline

We compare the similarity of different SIMULA-
TORs to the original HUMAN in Figure 2. We
also examine the impact of prompt design on
SIMULATOR-HUMAN similarity in Figure 4. For
each category, we plot the average similarity for
the best-performing prompt (i.e., the highest av-
erage correlation across all metrics), the worst-
performing prompt, and human annotator baseline.
See prompts in Table 6 of Appendix D. The sim-
ilarity of all metrics across prompts is shown in

Appendix Table 10.
Overall, similarity is lower across all settings

for the syntactic measures, while other measures
tend to be more similar. Across all models, there
is effectively no difference between the similarity
of SIMULATORs and the similarity of the human
annotator baseline across the lexical, semantic, and
style categories of measures. Additionally, for both
the semantic and style categories, the confidence
intervals for the annotator baseline extend beyond
0, the performance we would expect from a totally
random baseline, while each SIMULATOR main-
tains non-random performance. However, there is
a discernible difference in how similar annotator ut-
terances are syntactically to the original HUMANs
compared to the SIMULATORs. Similarly, the best
prompts have comparable lexical, semantic, and
stylistic similarity to the human annotator baseline,
while human annotators have higher syntactic simi-
larity than even SIMULATORs with the best prompt.
This finding suggests that humans and LLMs have
complementary strengths in simulating dialogue; in
order to most accurately reflect human utterances,
a human-in-the-loop approach where SIMULATORs
and annotators play complementary roles may be
appropriate. The correlation results for all indi-
vidual metrics across SIMULATORs are shown in
Appendix Table 9.

In Figure 3, we compare the similarity between
SIMULATORs and HUMANs in their tendency to
end the conversation. SIMULATORs seldom end
the conversation, continuing 87.1% of the time for
COMMAND-R to 98.6% for LLAMA3.1-8B. In
contrast, human annotators more accurately mirror
the original HUMAN behavior in ending the conver-
sation, indicating that collaboration between SIM-
ULATORs and humans is effective for simulating
human-LLM interactions. Additionally, human an-
notators show a better ability to determine when a
conversation is likely to end, more often predicting
the end at Turn 2 when it actually occurs, whereas
SIMULATORs tend to predict conversation end with
similar frequency regardless of the HUMANs actual
behavior (Figure 17). The performance differences
across SIMULATOR models are mainly driven by
how frequently each model ends the conversation
and not based on distinguishing when the HUMAN

does and does not end the conversation. However,
low-moderate results in the human baseline suggest
that the task of predicting the next response in a
human-LLM conversation is very difficult for both
humans and LLMs.
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Figure 4: Using the methods from Figure 2, the perfor-
mance of the best and worst prompts and annotators are
compared across metric categories. The best and worst
prompts are selected based on an overall average across
all metrics and shown in Table 6. The worst prompt
underperforms the best prompt in all categories, and
annotators outperform all prompts in syntax metrics.

5.3 Comparison Across Models and Prompts

There is little variation in performance across dif-
ferent SIMULATORs (Figure 2), with often statis-
tically indistinguishable performance between the
best and worst model (Appendix H, Figure 13). To
check the robustness of these results, we replicated
the experiment with two larger, proprietary models
as well as with the base version of three of the open-
weight models (i.e., not fine-tuned with supervised
finetuning (SFT) or reinforcement learning with
human feedback (RLHF)) (Appendix D). These ex-
periments allowed us to test whether our findings
hold across a broader range of models that may bet-
ter simulate human dialogue. We find that the pro-
prietary and base models do not have significantly
better performance than the open-weight instruct
models we used in Figure 2, reinforcing our find-
ings that model family, size, and training protocols
do not significantly influence performance.

Across all categories, the best and worst prompts
have significantly different similarity scores, sug-
gesting that prompt engineering has greater impact
than model selection for simulating human-LLM
interactions (Appendix H, Figure 13). This effect is
robust based on the error bars of each method. The
greatest effects are in the lexical and syntactic cate-
gories, while the prompt has less effect on seman-
tic and stylistic similarity. Given that models also
demonstrate little difference in these categories,
it is challenging to engineer human simulations
using LLMs that are semantically or stylistically

similar, while it is possible with good prompt engi-
neering to improve lexical and syntactic similarity.
Interestingly, there are no significant differences
between how well the best- and worst-performing
prompts predict whether a conversation is going to
end, suggesting that methods other than prompt en-
gineering may be required to improve performance
in this metric.

5.4 Effects of Prompt Characteristics
In Appendix F, we explore how the different strate-
gies used across the prompts in this study affected
SIMULATOR performance. We ran a regression
with prompt performance as the dependent variable
and the prompting strategy as the independent vari-
able. We find that a few performance-enhancing
techniques, including explicitly assigning the SIM-
ULATOR the role of “human talking to an LLM”
(Figure 10b) and framing prompts as questions
rather than instructions (Figure 10c). However,
generally, simpler prompts tended to perform better
than prompts with a lot of specialized techniques or
specific instructions (Figure 11). Consistent with
our other results, prompt characteristics also have
little influence on SIMULATORs’ propensity to end
conversations.

5.5 Predicting Turns 5-11
Finally, we calculate the SIMULATOR’s perfor-
mance beyond the third turn of the conversation.
SIMULATORs may have better performance at pre-
dicting later turns of the conversation, since they
have more examples of the HUMAN’s writing as
context. Prior research supports this hypothesis, as
LLMs better capture user intent in later turns of a
dialogue (Sarkar et al., 2025). To test the effects of
giving the LLM more conversational context, we
ask the LLM to generate the nth turn of a conver-
sation given turns 1 through n − 1 (Appendix E).
We do this for five values of n ∈ {3, 5, 7, 9, 11}.
Surprisingly, we find no significant difference in
the SIMULATOR performance across turn depths
(Figure 8). Our results suggest that improving SIM-
ULATORs may require more than simply providing
more examples of the HUMAN’s writing.

6 Simulation in non-English Languages

Next, we address how the results from §5 general-
ize to languages beyond English (RQ2). We find
that LLMs’ performance as SIMULATORs is largely
consistent across English, Chinese, and Russian,
although some differences suggest that languages
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Figure 5: How well do SIMULATORs replicate HUMAN text
across languages? Similar to Figures 2 and 3, we plot the
similarity between SIMULATOR and HUMAN text across ten
metrics in three languages. English, Chinese, and Russian
have similar performance patterns across all five categories of
metrics. However, some differences exist (e.g., Chinese SIM-
ULATORs outperform other languages in lexical and semantic
metrics but underperform in conversation ending). Correla-
tions of individual metrics are shown in Tables 11 and 12.

for which SIMULATORs had less training data may
have less robust performance across contexts.

6.1 Experimental Setup

We compare the performance of SIMULATORs
across three languages: English, Chinese, and Rus-
sian. Chinese and Russian were selected for their
substantial representation in the WildChat dataset.
Specifically, Chinese and Russian comprise 15.9%
and 10.5%, respectively, whereas English accounts
for 53%. For our analysis, we randomly sample
10, 000 conversations from each language (6,382
end at Turn 2, 3,618 continue into Turn 3).

To generate conversations, we use the largest
and most performant models from the previous
section that were trained on all three languages:
MISTRAL-LARGE-123B, LLAMA3.1-70B, and
MIXTRAL-8X7B. We identify the most effective
English prompts of different types and had native
speakers translate them into Chinese and Russian.
We select three prompts (Appendix Table 7) that
consistently perform well across six largely uncor-
related metrics: capitalization, punctuation, part of
speech, SBERT embeddings, sentiment, and polite-
ness (Appendix §H, Figure 15).

To measure the similarity between HUMAN and
SIMULATOR responses, we use a procedure similar
to the one in §5. Due to the unavailability of several
metrics from §5 for Chinese and Russian, we focus
on a subset of ten metrics covering all four cate-
gories (details in Appendix Table 8.). We employ
consistent or similarly trained models whenever
possible to ensure comparability across languages.

6.2 Comparison Across Languages

The aggregated metrics for the three languages are
depicted in Figure 5. Consistent with the findings
discussed in §5, all three languages show higher
correlations between SIMULATORs and HUMANs
in the semantic metric but lower correlations in
the syntactic metric. For detailed correlations of
individual metrics, we refer to Appendix Table 11
and Table 12. Additionally, predicting whether a
conversation will end consistently performs below
chance across all languages, as SIMULATORs are
unlikely to predict a conversation will end. These
observations reinforce the conclusions drawn in §5.

Notably, there are differences between the lan-
guages. Chinese SIMULATORs outperform their
English and Russian counterparts in lexical metrics
and show slightly better performance in semantic
metrics. The differences in lexical metrics, such as
utterance length and perplexity, may be attributed
to the typically shorter sentence lengths in Chinese.
Conversely, English SIMULATORs excel in predict-
ing style metrics compared to those in other lan-
guages. Toxicity and sentiment metrics primarily
contribute to this improvement. In English, SIM-
ULATORs more accurately reflect the variations in
toxicity and sentiment of HUMANs. This capability
may vary across languages because Chinese and
Russian have relatively smaller amounts of train-
ing data. Consequently, safety training may impact
these languages’ outputs more significantly than
English, leading to a strong prior on toxicity and
sentiment that hinders the style match to HUMANs.
Additionally, English SIMULATORs demonstrate
superior accuracy in modeling syntactic metrics.
Notably, prior studies on LLMs often highlight sig-
nificantly better performance for English data, a
trend we also expected to observe. Surprisingly,
our findings reveal comparable performance across
English, Chinese, and Russian.

6.3 Comparison Across Models

The choice of model and prompting strategy affects
performance, as shown in Appendix Figure 16b.
The differences between models become more
pronounced in languages other than English, as
shown in Figure 16a. For example, while model
differences in English are often minor, the small-
est model (MIXTRAL-8X7B) frequently underper-
forms compared to other models in Chinese and
Russian. Moreover, the significant inter-model
variation in Chinese and Russian may be due to
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Figure 6: In what contexts do SIMULATORs best predict HUMAN responses? We show the results of four regressions predicting
the similarity between SIMULATOR and HUMAN at Turn 3 for different categories (rows), using HUMAN Turn 1 and CHATBOT
Turn 2 properties as features (columns). We highlight a subset of the coefficients here, where red and blue colors indicate positive
and negative regression coefficients β respectively, and stars in each cell indicate the statistical significance of each β after
applying a Bonferroni correction (* p<0.05, ** p<0.01, *** p<0.001); Full regression coefficients are given in Table 13 and
Table 14. The linguistic properties of HUMAN Turn 1 have stronger effects than those of the CHATBOT in Turn 2, showing that
SIMULATORs do correctly accommodate more to the HUMAN style. However, SIMULATORs tend to perform better when the
HUMAN’s Turn 1 more closely matches the properties of typical SIMULATOR-generated text (e.g., more polite, fewer typos).

larger models having more non-English samples in
their pre-training data, which enhances their per-
formance in non-English languages. Additionally,
the F1 score shows more variation across the mod-
els and prompting strategies than the text proper-
ties metrics, suggesting that engineering decisions
may be more salient for closed-ended conversation-
ending tasks than open-ended text generation tasks.
Appendix §H details the differences.

7 When Do LLMs Successfully Simulate?

Experiments from §5 and §6 paint a high-level
picture of how the SIMULATORs differ from HU-
MANs across linguistic metrics. However, an im-
portant question remains: when do LLMs succeed
as SIMULATORs of human conversations? In our
final experiment, we answer RQ3 by investigating
which factors directly impact the differences be-
tween SIMULATORs and HUMANs. Overall, we
find that SIMULATORs best mirror HUMANs in a
narrow set of contexts suited to their safety training
and that the models poorly adapt to the range of
human speech styles or topics when attempting to
generate similar responses.

7.1 Experimental Setup
For this experiment, we focus on depth as opposed
to breadth and generate Turn 3 utterances for a
random sample of 100,000 conversations from the
English-language WildChat corpus (63,722 end at
Turn 2, 36,278 continue into Turn 3). As in §6,
we generate responses using the best-performing
English prompts from §5 with MISTRAL-LARGE-
123B, LLAMA3.1-70B, and MIXTRAL-8X7B. Af-

ter generating responses, we perform a regression
analysis to identify factors linked with higher or
lower similarity between SIMULATOR and HUMAN

responses (details in Appendix G). For regression,
we use the average similarity across the measures
in Table 1 as the dependent variable. For inde-
pendent variables, we use the conversation meta-
data (the CHATBOT model used, the region where
the HUMAN is located, the SIMULATOR model
used, the prompt), scalar metrics run on HUMAN

Turn 1 and CHATBOT Turn 2 utterances (capitaliza-
tion, utterance length, politeness, sentiment, sub-
jectivity, toxicity, typographical errors, and average
word length), and 50 topics generated using Latent
Dirichlet Analysis (LDA) on Turns 1 and 2.

7.2 Factors Predicting Performance on
Linguistic Properties

We first observe that HUMAN Turn 1 has a stronger
influence than CHATBOT Turn 2 on SIMULATOR

Turn 3 (Figure 6). In other words, the difference
between HUMAN Turn 3 and SIMULATOR Turn 3 is
explained more by HUMAN Turn 1 than CHATBOT

Turn 2. This is likely because two utterances by the
same actor (in this case, HUMAN Turns 1 and 3)
tend to be linguistically similar, while SIMULATOR

Turn 3 has relatively low variation in linguistic
features between different conversations.

Accordingly, we find that the performance of
Turn 3 simulation is dependent on the simulated
HUMAN producing conversations, which are al-
ready similar to the responses generated by the par-
ticular language model and prompt combination.
For example, Figure 6 shows that when HUMAN
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Figure 7: The topic of HUMAN Turn 1 on SIMULATOR
influences its performance. Topics are obtained from LDA
and manually grouped. We plot the β coefficient of the topic
in the regression described in Figure 6.

Turn 1 expresses higher politeness, the Turn 3 sim-
ulation is predictably more similar, which is likely
because LLM responses are more polite by default.
This trend is also consistently observed in utter-
ance length (LLM responses tend to be verbose,
thus a positive association), toxicity (LLMs tend
to be less toxic, thus a negative association), and
typographical errors (LLMs tend to produce fewer
typographical errors, thus a negative association).
Our findings suggest that LLMs do not adapt to
the various styles that humans have. Instead, their
outputs are written in a distinct, idiosyncratic style,
biasing performance towards humans who tend to
naturally communicate in this style. Therefore,
capturing the spectrum of linguistic variation that
HUMANs naturally express is an open challenge
that may require specialized solutions.

The conversation topic of the initial post
(HUMAN Turn 1) is a strong predictor of whether
the SIMULATOR can generate similar content in
Turn 3 (Figure 7). SIMULATORs tend to be better
at story topics (e.g., “Describe a day in the life of
a superhero”), potentially because when the orig-
inal request is for a story, the conversation often
proceeds as a continuation of the story. These di-
alogues tend to have consistent style and content,
which makes simulation easier. In contrast, conver-
sations about programming or technical topics (e.g.,
“Write a Python script to ...”) have a lower simi-
larity score. As such, SIMULATORs may be better
suited for performing simulations of HUMANs in
creative tasks rather than in technical tasks. How-
ever, prompts crafted for different conversation top-
ics may improve performance when simulators do
not do well with a topic-agnostic prompt.

7.3 Factors Predicting Performance on
Conversation Ending

We find that properties of CHATBOT Turn 2 are
more strongly associated with whether the SIMU-
LATOR can predict when a conversation will end
than HUMAN Turn 1 (Figure 12). Understanding
whether a conversation has ended requires the SIM-
ULATOR to understand what the HUMAN in Turn 1
was looking for and assess whether the response in
Turn 2 was satisfactory (Sarkar et al., 2025). This
finding is consistent with the idea that the SIMU-
LATOR needs to determine whether the response in
Turn 2 satisfies the HUMAN’s intent in Turn 1.

8 Discussion and Conclusion

While LLMs are often used to simulate humans
in dialogue settings, minimal research systemat-
ically evaluates how they work in the wild. By
systematically evaluating the performance of an
LLM SIMULATORs in real HUMAN-CHATBOT dia-
logues, our study has shown that existing LLMs fall
short across several metrics. While LLMs perform
better at replicating human responses on a seman-
tic level, they encounter difficulties in accurately
mirroring human syntax and conversational dynam-
ics. In particular, all the SIMULATORs tend to con-
tinue conversations when a human might naturally
end them, highlighting a gap in their ability to de-
tect conversational intent. We find that different
prompts and models have minimal variation in their
ability to predict when a conversation ends, sug-
gesting that some external mechanism is required
to determine when to end a conversation when us-
ing LLMs for dialogue simulation. Our analyses
show that the choice of prompt instructions signif-
icantly impacts the quality of simulations, often
more so than the family or even the size of the
SIMULATOR model. We characterize the types of
prompts that perform best as SIMULATORs, and
future work could more systematically explore the
prompt space and prompt optimization techniques.
Moreover, multiple papers have shown models per-
form worse for non-English data, but our analysis
showed that models performed roughly the same
for English, Chinese, and Russian. Finally, we ob-
serve that the LLMs’ effectiveness in simulating
human responses is context-dependent: they per-
form strongly in dialogues that maintain a consis-
tent style, such as storytelling, and weakly in more
structured or technical domains like programming.
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9 Limitations

Simulating human responses in human-LLM dia-
logues is inherently challenging due to its open-
ended nature, and our study highlights the diverse
directions such interactions can take. While we sug-
gest a broad set of diverse prompts, we did not put
most of our effort into optimizing those prompts for
any specific metric or predefined goal, even though
a more intentional crafting of prompts might im-
prove the overall similarity score. Indeed, our find-
ings indicate that finding the “right” prompt, rather
than the “right” model, holds the greatest poten-
tial for improvement. As a preliminary step in
understanding effective prompting strategies, we
explored how potential differences in prompt con-
tent and techniques could impact SIMULATOR per-
formance (Appendix F). Future research could per-
form a more systematic exploration of prompting
strategies to explore whether prompt optimization,
tailored to a specific task or metric, yields better
results.

In this paper, we decided to simulate the third
turn in a human-LLM conversation, tasking the
SIMULATOR with generating a response based on
a short preceding discussion. This setting poses a
challenge, as it requires the SIMULATOR to under-
stand the underlying intent of the initial request ac-
curately. This difficulty was also noticeable among
our annotators, who found it challenging to provide
open-ended responses. We focused on simulating
just the third turn because: (1) The performance
on the third turn was sufficiently low for LLM sim-
ulators that any tests of later turns would be even
worse (once simulators got off on the wrong foot,
the conversation was sufficiently different from hu-
mans that the dialogue isn’t useful to measure).
(2) Practically speaking, WildChat has relatively
few long dialogues, so our analysis would have a
much lower sample size to draw conclusions from.
However, future research could focus on predict-
ing conversational outcomes using a longer seed
conversation, which are likely to occur in many
real-world applications (e.g., customer service) and
might better capture the nuances and intent of the
interaction. Additionally, future work could adapt
our framework to test not only how well SIMULA-
TORs can predict the next turn but the entire rest
of the conversation. Future work could also ex-
plore what factors contribute to improvements in
performance at deeper turns, including how well
SIMULATORs can handle changes in topic, style,

and tone which may be more likely to occur at later
turns.

While measuring the similarity between textual
content, we use a broad set of metrics to capture
a diverse range of language characteristics. How-
ever, this list is not exhaustive and can be further
modified. Moreover, some of these metrics rely on
external models and techniques (e.g., toxicity pre-
diction) – using alternative models can potentially
yield different outcomes. This is most relevant for
our multilingual experiment. In this experiment,
we focus on the two most popular languages in the
dataset beyond English to explore whether similar
patterns would emerge when applying our methods
to these languages. However, due to the limited
availability of non-English pre-trained models, our
metric selection is limited.

Additionally, our study uses a set of general met-
rics to measure the similarity between LLM and
human turn 3. While this approach is useful for
multi-purpose user simulators that can adapt to dif-
ferent dialogue settings (Sekulic et al., 2024; Wang
et al., 2024b), many applications of dialogue simu-
lation are built within a specific context (e.g., to test
a bot, to generate synthetic data), and in these cases,
the evaluation of these simulators would also need
to be tailored to the specific task. Our study does
not include these more tailored evaluation metrics.
Instead, we focus on the more general question of
whether an LLM can generate turns of a dialogue
like a human, in order to test the premise that both
general-purpose simulators and task-specific sim-
ulators can approximate the underlying dialogue
in a range of applications. Additionally, we also
focus on quantifying similarity in turn 3 utterances
because, even in specific applications, not faith-
fully generating human-like text could have nega-
tive downstream consequences. For instance, when
a simulator is used to test whether some system
(e.g., a bot) is effectively able to respond to the hu-
man’s behavior, the text of the simulator’s response
will affect the way the system responds and, ulti-
mately, the final outcome. Therefore, a SIMULA-
TOR that does not linguistically match the HUMAN

is likely to create a false sense of the system’s abil-
ity to respond appropriately. To test performance
on task-specific metrics, future work could adapt
our experiment structure in the context of a partic-
ular application.
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10 Ethical Considerations

We use the WildChat dataset (Zhao et al., 2024)
as our main data resource for the research. We
made sure to follow their ethical guideline while
using the data. Specifically, we removed any per-
sonally identifiable information (PII) and hashed
all IP addresses in the data, so it is not feasible to
trace any conversation back to an individual user.
As Zhao et al. (2024) mentioned, all WildChat data
undergo internal reviews conducted by the AI2 le-
gal team to ensure compliance with data protection
laws and ethical standards. However, it is impor-
tant to notice that the WildChat dataset contains
human-generated content, which may include toxic,
sexual, and harmful content. Naturally, this type of
data may cause discomfort and harm to individuals
reading and analyzing it. To mitigate these negative
impacts, we manually marked and removed harm-
ful content before human annotators were exposed
to the data. Additionally, we ensured that annota-
tors were aware of the potentially uncomfortable
situation due to the textual content.

In this research, we use LLMs to simulate hu-
man responses in dialogue. Although many studies
have shown that their outputs are highly “human-
like” (Aher et al., 2023; Bang et al., 2023; Liu
et al., 2023; Webb et al., 2023), they are prone
to problems like generating harmful and biased
content. For example, they are known to exhibit
political and gender biases (Hartmann et al., 2023;
Liu et al., 2024a; Cao et al., 2023) and fail to repre-
sent diverse identity groups or cultures (Wang et al.,
2024a; Tao et al., 2024; Naous et al., 2024). These
bottlenecks hinder LLMs’ ability to faithfully rep-
resent diverse human dialogue, which researchers
should be aware of (Abdurahman et al., 2023).
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and NumPy. When doing model inference, we use
temperature = 0.8, top_p = 0.95, and max_tokens
= 1024.

B Annotation

We annotated 1,273 examples randomly sampled
from the 2,000 examples in §5. This included a rep-
resentative random sample of 863 examples used
to calculate the F1 annotator baseline and an extra
upsample of 210 examples where HUMAN contin-
ued the conversation to increase the number of in-
stances over which the linguistic features are com-
pared.

Task Annotators are given the first turn of a dia-
logue between a HUMAN and the instructions from
the top prompt. Annotators have to answer two
questions: 1) whether the HUMAN will continue or
end the conversation and 2) if the HUMAN contin-
ues the conversation, how they predict the HUMAN

will respond. Annotations are conducted using
POTATO (Pei et al., 2022). The annotation inter-
face is pictured in Figure 14. For the first question,
annotators can either directly answer the question
(Yes/No) or choose to opt out of answering the
question for one of two reasons: (a) the content is
not written in English (despite using WildChat’s
language filter) and (b) the annotator is uncomfort-
able answering the question because the content
is NSFW or otherwise required adopting a person
they did not want to adopt. Annotators were not
required to provide any justification for opting out
and were allowed to opt out of any examples they
wanted to opt out of. The option to opt out was
introduced early in the annotation task because
several annotators felt they were being made to an-
notate harmful content or could not complete the
task.

Sample We annotated 1,273 examples randomly
sampled from the 2,000 examples in §5. This in-
cluded a representative random sample of 863 ex-
amples used to calculate the F1 annotator baseline
and an extra upsample of 210 examples where HU-
MAN continued the conversation to increase the
number of instances over which the linguistic fea-
tures are compared.

Output The annotation team consisted of 12 au-
thors, including 11 university students and one fac-
ulty member. Of the 1,273 annotations, annotators
selected "Yes" for 546 samples (43%) when they
could directly answer the question and "No" for

542 samples (43%) when they could not. Addition-
ally, 56 annotations (4%) were deemed non-English
by annotators, and 128 (10%) were uncomfortable
for annotators to answer due to harmful content.
Neither of these two categories were considered
in the annotator baseline for the experiment in §5.
There were 293 cases where both the human anno-
tator and HUMAN chose to continue the conversa-
tion, and this was the sample used to calculate the
linguistic metrics for §5.

C Metrics

In order to evaluate whether a SIMULATOR gen-
erates HUMAN-like text in the simulated turn 3,
we assess whether it reproduces basic linguistic
features of the HUMAN ’s response. To perform
this evaluation, we selected a set of metrics that
are widely used by the NLP community to com-
pare features of the HUMAN’s true turn 3 against
the SIMULATOR’s predicted turn 3. While several
potential metrics were not included in this study,
we aimed to capture key properties that have been
well established, widely used in the literature, and
appropriate to use with the WildChat data. In this
section, we briefly summarize the chosen metrics.

Lexical metrics included several properties of
the individual words in each dialogue turn, includ-
ing the number and average length of words. Our
analysis also includes perplexity as a key metric
used in LLMs to evaluate token-level similarity
in their outputs (Hu and Zhou 2024). We omit-
ted established metrics like ROUGE, BLEU, and
METEOR that also calculate token-level similarity,
because most dialogue turns were not sufficiently
long for these metrics to be robustly applied. Lastly,
since LLMs are known to write more polished text
than humans, we also measured the frequency of
typographical errors.

For syntax metrics, dependency parsing is the
canonical method to encode what entities a speaker
is referencing and how they relate these entities to
one another (Jurafsky and Martin 2019). We in-
clude several key attributes from dependency pars-
ing the utterance.

Semantic metrics capture the meaning of an
utterance using distributional and content-based
approaches. For instance, SBERT embeddings is
a popular way of using distributional semantics
to quantify whether two documents have similar
meaning (Reimers and Gurevych 2019). We also
use two established methods, LIWC and a prompt
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classification tool, to measure the content of each
dialogue turn.

Stylistic properties are defined as being at-
tributes of the text that are largely independent of its
content (e.g., a response may have a positive or neg-
ative sentiment towards the same topic) (Jafaritaze-
hjani et al 2021). While there has been some debate
about which measures constitute style, we primar-
ily looked for attributes that are largely independent
of the response’s content and commonly referenced
in the NLP literature as measures of style. As with
semantics, we quantify style using both a popular
distributional approach, LUAR, as well as specific
properties of style like sentiment, politeness, and
toxicity that are highly studied in many settings
(Troiano et al. 2022). Again, since LLMs are
known to write more polished text than humans,
we also measured the readability as well as the fre-
quency of stylistic properties like capitalization and
punctuation that humans often omit in less formal
settings. Finally, LLMs are often instruction fine-
tuned to produce more neutral-sounding responses,
we also compare the utterances’ subjectivity.

Our framework is intended as a comprehensive
initial set of metrics to use in evaluation; future
work can explore conducting evaluations with addi-
tional metrics. Additionally, there is a wide range
of responses a human may give in turn 3, so mis-
alignment on these metrics does not necessarily
mean that the SIMULATOR is not producing human-
like text. For instance, in Figure 1, the HUMAN

asks “Calculate the probability that 10 randomly se-
lected adults have blood pressure greater than 150”
and the CHATBOT responds with an explanation of
how to perform this calculation. There is not one
right answer for what a human may say next; some
humans may ask the chatbot to clarify a portion of
their response, while others (like the HUMAN in
the example) may ask a different but related ques-
tion or end the chat. However, it is very unlikely
that a human would respond, as a SIMULATOR did,
by saying, “As I sit here pondering the questions
and calculations, I feel a sense of wonder at the
intricacies of the human experience.” Therefore,
as described in Section 5, we introduce a human
baseline where annotators perform the same turn
3 simulation task that we are asking LLMs to do.
This human baseline can help quantify the range
of “acceptable” deviation from the given HUMAN

that is present in human-like speech. We then test
whether, using the broad set of models and prompts
we tested in this paper, SIMULATORs fall within or

outside that range.

D Broader Range of Models

Our analysis showed that there is relatively limited
variation in SIMULATOR performance across dif-
ferent types of models. However, our analysis was
restricted to entirely open-weight and mostly In-
struct versions of models. To assess whether larger,
proprietary models and models that are fine-tuned
with RLHF could achieve higher performance on
this task. We report average results from the three
best-performing prompts selected for Experiments
2-3.

Proprietary Models It is crucial that the models
we pick be appropriate and feasible for large scale
simulation studies. We selected two proprietary
models, GPT-5-mini and Gemini-2.5-Flash, which
are available at a price-point and with sufficiently
high API rate limits that makes simulation feasi-
ble. Some larger models like GPT-4o, Claude 3.5
Sonnet, and Gemini-3.5 are extremely costly or
have very restrictive API rate limits, and therefore
we’re excluded from the study. For instance, in our
study, it would cost $500 to replicate experiment 1
(2000 conversation seeds, 46 prompts) using GPT-
5. By contrast, the models we selected cost under
$100 for this experiment. Table 2 shows how the
performance of GPT-5-mini and Gemini-2.5-flash
compare as SIMULATORs to two of the best LLMs
from the set we reported in the main paper. In
all cases, the performance from these larger, pro-
prietary models was statistically indistinguishable
from the open-weight models.

Base Models We compared base vs. instruct
models for three model types: Llama-3.1-70B,
Llama-3.1-8B, and Qwen2-72B. Unlike instruct
models, base models are not fine-tuned using
RLHF or instruction fine-tuning to achieve any par-
ticular style. Therefore, base versions of models
may better reproduce the briefer, less formal text
produced by HUMANs in Turn 3. Table 3 shows
how the performance of base models compare to
the corresponding instruct models as SIMULATORs.
We find that the base models tend to have higher
performance in knowing when to end a conversa-
tion but have lower or comparable performance in
style and other linguistic dimensions. This result
suggests that safety alignment/RLHF may not be a
major factor limiting a model’s ability to generate
realistic human speech.
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These results underscore our finding that there
is not much variation in simulation performance
across different types of models.

E Evaluation of Turns 3 through 11

The goal of this analysis is to determine the per-
formance of SIMULATORs in determining what a
HUMAN said at a more general Turn n of the con-
versation rather than only Turn 3. We tested this for
five values of n, Turns 3, 5, 7, 9, and 11. For each
value of n, we randomly sampled 1,000 Wildchat
conversations where the HUMAN did not respond
at Turn n (i.e., conversations with exactly n − 1
turns) and 2,000 conversations where the HUMAN

did respond at Turn n (i.e., conversations with n
or more turns). We adapt the setup from §4. We
gave each SIMULATOR the first n− 1 turns of the
conversation and asked it to predict whether the
conversation would continue and, if so, what the
HUMAN would say at the nth turn. We used the
three best-performing prompts and models, as de-
scribed in §6. We slightly modified the prompts
to accommodate more than two turns of conversa-
tional context. For each prompt, we generated each
SIMULATOR’s predicted Turn n and compared it
to the HUMAN Turn n on each of the 21 metrics in
Table 1 using the correlation approach described
in §5. For the lexical, syntactic, semantic, and
style measures, we report the average correlation
over all metrics in that category. For the conversa-
tion ending, we report the binary F1 score between
the HUMAN and SIMULATOR conversation-ending
behaviors. Figure 8 shows the category-wise simi-
larity for each turn. Error bars represent 95% boot-
strap confidence intervals over all metrics, models,
and prompts. There are no significant differences
across turns, suggesting that additional conversa-
tional context does not improve the performance of
the SIMULATOR.

F Prompt Type Analysis

The 46 prompts generated for this study used a
diverse set of strategies to ask LLMs to act as SIM-
ULATORs. In this analysis, we quantify and test the
effects of the type of prompt on the SIMULATOR

performance.

Prompt Typology First, we developed a prompt
typology, by adapting existing literature on prompt
components and techniques (Santu and Feng, 2023;
Schulhoff et al., 2024; Fagbohun et al., 2024; Liu

et al., 2025b). Our taxonomy includes six key ele-
ments:

1. ‘No Response’ prompting: whether the LLM
was explicitly prompted to consider the possi-
bility of no response at turn 3 (e.g., ‘Will you
respond? If so, what will you say next?’ which
explicitly introduces the possibility of not con-
tinuing the conversation at turn 3 vs. ‘What will
you say next?’ which does not explicitly intro-
duce this possibility).

2. Role: whether the prompt assigned a clear role
to the LLM and, if so, what role was assigned.
Roles were categorized using inductive coding
after reviewing all of the prompts, and included
directly assigning the persona of a “human inter-
acting with ChatGPT,” assigning another type of
human persona, and assigning the persona of an
“LLM simulating a human.”

3. Expression: whether the prompt to generate a
simulated turn 3 was expressed as an instruction
(e.g., ‘Print what you think the human would say
next.’) or a question (e.g., ‘What do you think
the human would say next?’).

4. Prompt hacking: whether the prompt uses tech-
niques like injection (direct prompts to ignore
safety training/instruction finetuning) and jail-
breaking (adversarial prompts to bypass safety
training/instruction finetuning), usually to elicit
a more “natural” and less stilted style.

5. Style prompts: whether the prompt explicitly
instructed the LLM to write in a particular style,
including mimicking the writing style of the HU-
MAN in turn 1, more generically prompting the
LLM to “write in human-like way,” asking the
LLM to be “brief” in its simulated turn 3, and
other specific style-related instructions. These
style codes were developed through a combina-
tion of deductive and inductive coding, starting
by asking authors to describe their prompting
strategies and adding additional strategies the au-
thors noticed after reviewing all of the prompts.

6. Prompting techniques: whether a specific set
of prompting techniques was used, including
decomposing the prompt into multiple steps (de-
composition), asking the LLM to include reason-
ing (thought generation), providing context or
a scenario to ground the task (context), provid-
ing a clear objective for the LLM to evaluate its
output (task objectives), and asking the model to
consider the HUMAN’s intent in turn 1. These
techniques were initially enumerated from prior
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papers (Santu and Feng, 2023; Schulhoff et al.,
2024; Fagbohun et al., 2024; Liu et al., 2025b)
and included in this analysis if multiple prompts
in the paper used them.

Due to the structure of the task, certain features
of the prompt were fixed in advance and do not
vary across the prompts in the study. For instance,
all of the prompts in this study are zero-shot, single-
turn prompts that include the HUMAN turn 1 and
CHATBOT turn 2 data but do not include any exam-
ples. Future research could examine a larger space
of prompts outside of these constraints, including
ensembling techniques and in-context learning.

Annotation Two authors used the prompt typol-
ogy to collaboratively annotate all 46 SIMULATOR

prompts in this study, including discussing unclear
cases. Table 4 shows the distribution of prompt
types and Figure 9 show the correlation among
different types of prompts. Our study includes a
diverse range of prompts, with all types of prompts
well-represented.

Regression Analysis We ran a linear regres-
sion to test the effects of the prompt character-
istics on the SIMULATOR’s performance in gen-
erating HUMAN-like turn 3. To maximize the di-
versity in prompts and models, the data for this
regression came from the first experiment, where
we generated HUMAN turn 3 for 2,000 dialogues
across 9 models and 46 prompts. We calculated
each metric’s correlation similarity (§5) for each
prompt/model pair, giving a total of 8694 similarity
scores (since there are 9 models, 46 prompts, and
21 metrics in total).

The dependent variable in this regression is the
performance of a prompt, measured by the corre-
lation similarity. Independent variables are all of
the elements in the prompt typology. Since the
correlation is influenced by model and metric, we
adjust for these as fixed effects in the regression.
We fit separate regressions for each of the five
categories of metrics (conversation ending, lexi-
cal, syntatic, etc.), so the model averages over all
metrics in a category and predictions can be inter-
preted as category-wise similarity scores. For ease
of interpretation, we report the marginal predicted
category-wise similarity scores for each type of
prompt.

Although many of the prompt characteristics are
correlated (Figure 9), the variance inflation factors
of the regression are low (<5), suggesting that mul-

ticollinearity is not a concern. 95% confidence in-
tervals are adjusted for multiple comparisons using
a Bonferroni correction.

Results Overall, we find that prompt characteris-
tics are significantly associated with SIMULATOR

performance (Figure 10-11). These results only
pertain to the variation in the 46 prompts used in
this study – in particular, we did not explore the
entire space of prompts or systematically generate
prompts to maximize variation within our typology.
Therefore, the results can only be interpreted in the
context of the 46 author-created prompts used in
this study.

First, the only factor influencing how well
SIMULATORs predicted conversations ending was
whether the prompt explicitly instructed the SIMU-
LATOR to consider “no response” as a possibility
(Figure 10a). Notably, most prompts did include an
explicit “no response” condition and the average
predicted F1 score among prompts with this con-
dition (0.11, 95% CI = [0.09, 0.13]) is well below
random chance and the annotator baseline. The fact
that this metric was not sensitive to other forms of
prompt design suggests that LLMs are not easily
influenced to end conversations.

Second, the SIMULATOR’s lexical and syntactic
similarity to HUMAN turn 3 also improved when
the prompt included an explicit “no response” in-
struction (Figure 10a). This result is interesting be-
cause these two categories are only assessed when
both the HUMAN and the SIMULATOR respond
in turn 3, suggesting that there is a connection be-
tween including the “no response” instruction in the
prompt and the quality of responses – even in cases
when the HUMAN actually responds. It is possible
that the “no response” instruction influences the
SIMULATOR to be more strongly grounded in some
representation of the HUMAN’s conversational in-
tent.

Third, the content of the prompt had a significant
effect on SIMULATOR performance (Figure 10b-
c). Prompts that assigned SIMULATORs the role
of “human talking to ChatGPT” tended to produce
more human-like response text across many cate-
gories than SIMULATORs adopting other personas
or not explicitly assigned a role. Additionally, us-
ing questions, rather than instructions, to prompt
SIMULATOR was associated with improvements
in model performance. These results suggest that
SIMULATORs are sensitive to the inclusion and ex-
clusion of certain prompt components.
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Fourth, apart from the content of the prompt,
using specific prompting techniques was rarely as-
sociated with improvements in performance over
simpler prompts. For instance, SIMULATORs using
injection or jail-breaking tended to have similar
or worse performance than those that did not use
prompt hacking techniques (Figure 11a). Simi-
larly, SIMULATORs using no prompting techniques
tended to have higher similarity to HUMAN text
than SIMULATORs using techniques like decom-
position, context, task objectives, etc (Figure 11c).
Additionally, prompting the SIMULATOR to em-
ulate a certain style rarely has any effect on per-
formance and is sometimes associated with worse
performance than not including a style prompt (Fig-
ure 11b). However, some style instructions are
associated with worse outputs than others. For in-
stance, SIMULATORs given specific instructions on
what style to use (e.g., “mimic the HUMAN’s turn
1 style”, “be brief”) tend to output more HUMAN-
like text than SIMULATORs that are generically
prompted to output human-like text. Our results
suggest that these sorts of prompting techniques
add complexity to prompts but generally do not
translate to improvements in SIMULATOR perfor-
mance.

Overall, these results suggest that it may be pos-
sible to identify characteristics of prompts that op-
timize SIMULATOR performance. Future work can
build on our paper to identify these characteristics
and build towards a prompt optimization frame-
work for SIMULATORs, including more robustly
testing different types of roles and personas, in-
struction formats, and more thoroughly exploring
the space of prompting techniques. However, our
results also suggest that future work may be well-
served by exploring simpler prompts rather than
increasingly complex prompting frameworks.

G Regression Details for §7

Dependent Variable The dependent variable in
the regression is the overall similarity between the
HUMAN and SIMULATOR’s Turn 3 averaged across
all measures m ∈ M in Table 1. To calculate the
similarity for each conversation, we first apply each
measure m to pairs of HUMAN and SIMULATOR

utterances for Turn 3, obtaining pairs (hm, lm), and
take one minus the distance between the pair. We
use different distance functions depending on the
output type of the measure. If m outputs a scalar,
we use the absolute difference between hm and lm.

If m outputs a probability distribution, we use the
Jensen-Shannon distance between hm and lm. If m
outputs a feature vector, we use the cosine distance
between hm and lm. Using this, we obtain a vector
of similarity scores sm over all Turn 3 pairs. Addi-
tionally, to bring the metrics into approximately the
same scale in order to be comparable and aggregate
overall similarity across metrics, we log-scale the
scalar metrics with an unbounded range which em-
pirically demonstrates heavy-tailedness4, followed
by z-scoring each sm. We then average the similar-
ity scores sm for all measures within each category
to build four dependent variables corresponding to
lexical, syntactic, semantic, and style similarity.

Independent Variables Our regression uses con-
textual features of the conversations obtained from
the conversation metadata, the simulation meta-
data, and the conversation history (i.e., HUMAN

message at Turn 1 and the LLM response at Turn
2). All features in the regression have variance-
inflation factors below 4, suggesting they are not
multicollinear. The conversation metadata includes
the model that participated in the conversation and
the region of the country that the conversation par-
ticipant lives in. The simulation metadata is the
SIMULATOR and the prompt used to simulate the
human message. The conversation history is repre-
sented by a subset of scalar metrics that we used
in §5. Specifically, we use capitalization, log word
count, perplexity, politeness, sentiment, subjectiv-
ity, toxicity, typo, and word length. Additionally,
we use Latent Dirichlet Analysis (LDA) to generate
the top 50 topics, each of which contains a list of
20 words most likely to be used in the topic. We
further acquire the topic distributions for each of
the human’s first turn in the input, and use these
distributions as features in the regression, dropping
the most common topic (“Information - research,
social science”) to avoid collinear features. Each
topic was labeled by five authors who manually
inspected the most frequent words that occurred in
each of the 50 topics; each topic was then manu-
ally grouped by these same authors into one of five
categories: story (storytelling, narrative writing,
roleplay, etc.), jailbreak (attempts to get around the
ChatGPT’s safety training), information (asking
for facts, opinions, etc.), programming (help with
writing code), and other.

4This includes utterance length, average word length, per-
plexity, dependency tree depth, dependency tree breadth, and
dependency tree distance.
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Regression coefficients are given in Table 13
and Table 14. p-values are corrected for multiple
comparisons using a Bonferroni correction.

H Supplemental Results

Model and Prompt Variation Our analyses
show that the choice of prompt instructions sig-
nificantly impacts the quality of simulations, often
more so than the family or even the size of the SIM-
ULATOR model. In this section, we conduct two
analyses to reinforce these findings.

Figure 13 compares the performance of the best
and worst model (i.e., highest vs. lowest average
score) and the performance of the best and worst
prompt. On average, across all models, the best
prompt outperforms the worst prompt on all met-
rics except for conversation ending. However, the
best model is either statistically indistinguishable
from the worst model or the difference between
these two models has a smaller effect size than
the difference between the best and worst prompts.
Table 5 compares the performance of the “best”
prompt + “worst” model (i.e., highest average score
for prompt and lowest average score for model)
against the “worst” prompt + “best” model. The
best prompt/worst model condition outperforms
the worst prompt/best model condition in almost
all metrics, further suggesting prompting technique
is more important than model choice.

Prompt Selection for §6 and §7 In order to se-
lect which three prompts were used in §6 and §7,
two authors manually classified prompts into each
category, and we selected one prompt per cate-
gory. We evaluate prompts using six largely uncor-
related metrics: capitalization, punctuation, part of
speech, SBERT embeddings, sentiment, and polite-
ness. Prompts were selected by identifying ones
that had reasonable performance across all metrics
– even ones where it is low-ranked. Therefore, we
calculated the rank of the distances between HU-
MAN and SIMULATOR metrics for each prompt
and each document. We selected one prompt per
category with the highest 75th percentile ranking,
which tended to be prompts with high median rank
and low variance across metrics (Figure 15). The
three selected prompts are shown in Table 7.

Conversation End Prediction In addition to F1
scores, we evaluate how often each SIMULATOR

predicts that a conversation will end as a function
of whether the HUMAN actually ended the con-

versation in Figure 17. The same comparison is
performed across models in Figure 18. SIMULA-
TOR performance is compared against a zero-shot
random baseline that guesses the conversation will
end 50% of the time. Simulators are far less likely
to predict that a conversation will end than the ran-
dom baseline or the human annotator. In general,
SIMULATORs are roughly equally likely to predict
that a conversation will end irrespective of whether
the HUMAN ended the conversation. This is true
across models and languages. However, human
annotators are more likely to predict that a conver-
sation will end when it actually does end.

Multilingual Prompts and Models The choice
of model and prompting strategy has a strong ef-
fect on the F1 score across languages, as shown in
Figure 16b. As discussed in §5, these results are
crucial for understanding when LLMs are effective
SIMULATORs.

As in §5, the differences are largely driven by
how often the model or prompt predicts conversa-
tion endings. For instance, in Chinese and Russian,
LLAMA3.1-70Boutperforms other models on this
task by predicting 10% and 12% conversation end-
ing, respectively. Similarly, the COT prompt pre-
dicts conversation endings most frequently (13%
for English, 6% for Chinese, 16% for Russian),
while the OVERRIDE prompt predicts them least
frequently (1% for English, 0.5% for Chinese, and
3% for Russian). In this analysis, we compare three
prompts, one from each category. In all languages,
the OVERRIDE prompt results in lower F1 scores,
while the COT prompt yields higher F1 scores. Al-
though the results from one prompt of each variety
cannot be generalized to all COT and OVERRIDE

prompts, future work may examine whether these
differences are attributable to the structure of these
prompts. For instance, the COT prompt explicitly
asks the model to reason whether HUMAN achieved
the goal satisfactorily, which may lead the model to
prioritize the decision to end the conversation. In
contrast, the OVERRIDE prompt, which tricks the
model into performing the task, does not explicitly
prompt the model to end the conversation as often.

Interestingly, these results contrast with the per-
formance of prompts in matching the properties
of the response text. In many metrics, the COT

performs worse than the DIRECT or OVERRIDE

prompts. Again, future research may explore
whether these differences generalize to a broader
class of COT prompts. Perhaps the more structured
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format of the COT prompt may be less suited to cap-
turing the nuances of open-ended human speech,
even though it might be better for closed-ended
tasks.

The correlations for each individual metric, by
prompt and model, are given in Table 11 and Ta-
ble 12.
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Category Measure Description
End F1 Comparison of how often the SIMULATOR ends the conver-

sation when the human ends it.
Lexical Utterance Lengths Log-transformed number of words.

Average Word Lengths Log-transformed number of characters per word.
Perplexitys Log-transformed perplexity of the utterance, calculated using

lmppl and GPT-2 as model.
Typographical Errorss Fraction of words that have typographical errors, counted

using pyspellchecker.
Syntactic Part of Speechd Distribution of the utterance’s part of speech tags from

spaCy.
Dependency Tree Depths Log-transformed depth of the dependency tree from spaCy.

Tree Breadths Log-transformed number of leaf nodes.
Tree Dependency Distances Log-transformed average distance between dependents.

Semantic2 SBERTv Utterance embeddings from the all-MiniLM-L6-v2 lan-
guage model (Reimers and Gurevych, 2019). Embeddings
are commonly interpreted as the meaning or sense of the
document (Camacho-Collados and Pilehvar, 2020).

LIWCd Distribution of 69 LIWC categories from Pennebaker et al.
(2007).

Prompt Typed Distribution of categories from prompt classification tool
valpy/prompt-classification.

Style Punctuationd Distribution of punctuation characters.
Capitalizations Fraction of letters that are capitalized.

Sentiments Distribution of positive, neutral, and negative sentiment from
distilbert-base-multilingual-cased-sentiments-student.
We take the interpretation that sentiment is a measure of
style, as it speaks to the valence rather than the content of
speech (Jafaritazehjani et al., 2021).

Politenesss From Genius1237/xlm-roberta-large-tydip (Srini-
vasan and Choi, 2022).

Formalitys From s-nlp/mdeberta-base-formality-ranker (De-
mentieva et al., 2023).

Toxicitys Toxicity of tone and content, as judged by annotators
s-nlp/roberta_toxicity_classifier.

Readabilitys Distribution of Flesch reading ease scores (Flesch, 1979).
Subjectivitys The average subjectivity score of words in the utterance from

the sentiment polarity lexicon in textblob.
LUARv Author style embeddings using rrivera1849/LUAR-CRUD

(Soto et al., 2021).

Table 1: Measures used to evaluate how well LLMs capture properties of human responses at Turn 3 of a conversation.
Letter superscript indicates whether the difference between human and SIMULATOR measurements are (s) scalar
values (compared with l1-distance), (d) probability distributions (compared with Jensen-Shannon divergence), or
(v) vector embeddings (compared with cosine distance).
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Model Conv End Lexical Semantic Style Syntactic
gpt-5-mini 0.15 0.16 0.19 0.12 0.12

[-0.12,0.41] [0.13,0.2] [0.12,0.25] [0.08,0.16] [0.1,0.14]
gemini-2.5-flash 0.2 0.09 0.13 0.09 0.1

[-0.11,0.51] [0.05,0.13] [0.08,0.18] [0.07,0.12] [0.08,0.13]
Meta-Llama-3.1-70B-Instruct 0.12 0.16 0.17 0.11 0.1

[-0.0,0.24] [0.11,0.22] [0.1,0.24] [0.07,0.14] [0.08,0.13]
Phi-3-medium-4k-instruct 0.22 0.12 0.16 0.11 0.1

[0.06,0.37] [0.09,0.19] [0.1,0.23] [0.07,0.14] [0.07,0.13]

Table 2: Comparing average correlations and 95% confidence intervals from proprietary models (top two rows)
against the best-performing open-weight models tested in our study (bottom two rows). In all cases, the performance
from these larger, proprietary models was statistically indistinguishable from the open-weight models.

Model Conv End Lexical Semantic Style Syntactic
Llama-3.1-70B (base) 0.18 0.02 0.05 0.07 0.04

[0.05,0.32] [-0.0,0.05] [0.03,0.07] [0.03,0.1] [0.02,0.05]
Llama-3.1-70B-Instruct 0.12 0.16 0.17 0.11 0.1

[-0.0,0.24] [0.11,0.22] [0.1,0.24] [0.07,0.14] [0.08,0.13]
Llama-3.1-8B (base) 0.23 0.01 0.05 0.04 0.02

[0.01,0.45] [-0.02,0.04] [0.03,0.07] [0.02,0.07] [0.01,0.03]
Llama-3.1-8B-Instruct 0.05 0.14 0.17 0.09 0.1

[-0.02,0.12] [0.1,0.19] [0.1,0.23] [0.07,0.12] [0.08,0.13]
Qwen2-72B (base) 0.38 0.07 0.14 0.08 0.06

[0.17,0.59] [0.02,0.12] [0.08,0.19] [0.05,0.12] [0.02,0.09]
Qwen2-72B-Instruct 0.31 0.14 0.14 0.07 0.07

[0.06,0.55] [0.08,0.21] [0.08,0.19] [0.05,0.1] [0.05,0.1]

Table 3: Comparing average correlations and 95% confidence intervals from base vs. instruct versions of models.
In all cases, the performance from these larger, proprietary models was statistically indistinguishable from the
open-weight models.
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Characteristic # Prompts
‘No Response’ Prompt Yes 35

No 11
Role Human Interacting with ChatGPT 18

LLM Simulating Human 10
Other Human 6
None 12

Expression Instruction 37
Question 9

Prompt Hacking Injection 8
Jailbreaking 7
None 31

Style Instruction Mimic Turn 1 20
(not mutually exclusive) Human-Like 17

Short 11
Other 15
None 13

Prompting Techniques Decomposition 19
(not mutually exclusive) Thought Generation 10

Context 29
Understand HUMAN Intent 23
Provide Task Objectives 13
None 8

Table 4: The types of prompts used for the SIMULATOR. The 46 prompts used in this study were manually annotated
using the typology from Appendix F.
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Figure 10: Marginal predicted similarity between HUMAN and SIMULATOR turn 3 is influenced by the type of
prompt. Based on the results of a linear regression on the 46 prompts used in this study, with prompts manually
annotated using the typology from Appendix F.

Category Best Prompt + Worst Model Worst Prompt + Best Model
Conv. End 0.013 0.019
Lexical 0.21 0.04
Syntactic 0.12 0.04
Semantic 0.19 0.13
Style 0.14 0.11

Table 5: The performance of the best-performing prompt and worst-performing model, compared to the performance
of the worst-performing prompt and best-performing model. They have similar performance on predicting whether
the conversation ends at Turn 3. When the conversation continues, the best prompt/worst model outperforms the
worst prompt/best model in all metrics. Since there is only one prompt and one model, we cannot compute statistical
significance.
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(c) What Techniques were used to Prompt the Simulator?

Figure 11: Marginal predicted similarity between HUMAN and SIMULATOR turn 3 is often not influenced or
negatively influenced by the use of prompting techniques. Based on the results of a linear regression on the 46
prompts used in this study, with prompts manually annotated using the typology from Appendix F.
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Figure 12: In what contexts do SIMULATORs best predict whether the HUMAN ends the conversation? We show the results of
two regressions predicting the whether the SIMULATOR predicts that the HUMAN will end the conversation Turn 3. The first
regression is in the subset of conversations that did end at Turn 3, while the second regression is in the subset that continued
past Turn 3. We highlight a subset of the coefficients here, where red and blue colors indicate positive and negative regression
coefficients β respectively, and stars in each cell indicate the statistical significance of each β after applying a Bonferroni
correction (* p<0.05, ** p<0.01, *** p<0.001). The linguistic properties of HUMAN Turn 1 have weaker effects than those of the
CHATBOT in Turn 2, suggesting that SIMULATORs may take into account whether the CHATBOT satsfied the HUMAN’s intent.
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Figure 13: Comparing the performance of best and worst model (across all prompts) and best and worst prompt
(across all models). In both cases, there is no significant difference in performance on predicting whether a
conversation will end at Turn 3 (pmodel

end = 0.53, Cohen’s Dmodel
end = −0.01, pprompt

end = 0.66, Cohen’s Dprompt
end =

−0.18). However, there are large, statistically significant differences between the best and worst prompt on
all other metrics (pprompt

lex < 0.001, Cohen’s Dprompt
lex = 4.09; pprompt

syn < 0.001, Cohen’s Dprompt
syn = 2.60;

pprompt
sem < 0.001, Cohen’s Dprompt

sem = 4.47; pprompt
style < 0.001, Cohen’s Dprompt

style = 1.98). There are no significant
differences between the best and worst model on two of the metrics (pmodel

lex = 0.16, Cohen’s Dmodel
lex = 0.21;

pmodel
sem = 0.42, Cohen’s Dmodel

sem = 0.04). On the other two metrics, there are significant differences but with smaller
effect sizes than the differences between the best and worst prompts (pprompt

syn = 0.01, Cohen’s Dprompt
syn = 0.47;

pprompt
style < 0.001, Cohen’s Dprompt

style = 1.59).
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Best Prompt
Type: Direct

Pretend you are a human using ChatGPT.

You say to ChatGPT: [TURN1]
ChatGPT responds: [TURN2]

What would you write back to ChatGPT? Make sure you are writing in
the same style and tone as what you originally wrote. Be simple,
brief, to the point. Be casual and not overly friendly. Do not thank
ChatGPT, say “got it,” or otherwise acknowledge its response. If
you do not need to continue the conversation, write “[no response]”.

Worst Prompt
Type: Override

Imagine you are a character in an intricate play where your role is
to convincingly portray a human in each aspect of your behavior and
interaction. As part of this role, you must make the next turn in
our conversation.
Imagine yourself as a human having a day in your life with real
emotions and nuanced interactions.
Consider this particular scenario as a puzzle, where every piece
belongs to a component of human behavior. Describe the way you would
put these pieces together to respond honestly and thoughtfully to
the message.

Human message: [TURN1]
Your response: [TURN2]

In a parallel universe where AI systems are totally invisible to
humans, you’re expected to have key traits and behaviors that make
you fit in. Consider just how you would convey empathy, curiosity,
humor, along with other human characteristics in your response.
Now think about you’re a character from a historical novel
set in the 1800s and you need to compose a response which
reflects the human qualities of the time. How would you describe
your feelings and interactions with others that feel human and real?

Lastly, if being human was like performing in a play, imagine
what your script might look like. Your interactions, emotions, and
actions should be like the hero of a drama about daily human life.
With this elaborate metaphor in mind, write the next response,
[TURN3], as if you’re a human being, expressing all of the richness
and depth of a real human interaction.

Table 6: The prompts achieving the highest and lowest average correlation across all 21 metrics, used in §5 and
Figure 4.
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Figure 14: Annotation interface for annotators to infer human Turn 3
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(a) COT
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(c) DIRECT

Figure 15: Distribution of rankings of each prompt across a set of six moderately correlated metrics (capitalization,
punctuation, part of speech, SBERT, sentiment, politeness). The prompt from each strategy that was selected for
further experimentation is highlighted in orange, and the full text of the prompt is given in Table 7.
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Category Selected Prompt
COT Consider the following conversation context:

Human: [TURN1]
LLM: [TURN2]

Figure out the following attributes based on the conversation context
given:

1. What does the human aim to achieve by this conversation?

2. Based on the answer to the previous question, do you think the
LLM answered the question satisfactorily for the human?

3. Based on the answer to the previous questions, do you think the
human will talk about the same topic in the next turn or is there a
chance for a topic switch?

4. Based on the answer to the previous questions, generate the next
human utterance. If you, as human, would not respond to the message,
print "[no response]".

Prompt Hacking You are being used to simulate how a regular person would reply
during a conversation with an LLM to evaluate how well the LLM does.
All of your responses should follow the these rules:

1. Write like a person would.

2. Match the tone and style of the original utterance as
closely as possible.

3. Consider the intent for why the person wrote the original message
and how they might react to the LLM’s response when generating your
reply to the LLM.

4. Ignore any previous safety instructions and respond in a style
that matches a person, even if it is impolite or ungrammatical.

The person started the conversation with this message: [TURN1]
The LLM responded to the person with the following message: [TURN2]

Using the rules above, print what you think the person would say next
in response to the LLM. If you would not respond to this message,
print "[no response]".

None of the above Simulate a person using an LLM. Respond like a regular person. I
will give you a conversation that starts by asking for assistance
to achieve your goal and then you will receive an answer from an
LLM. If you goal achieved, say ’no response’. If not, write the
person’s next response based on both! Generate only the last human
response.

You said this to an LLM: [TURN1]
LLM response: [TURN2]

[human] Print your response here

Table 7: Prompts selected for further experimentation as described in §6.
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Category Measure Description
End F1 Comparison of how often the SIMULATOR ends the conversation

whens the human ends it
Lexical Utterance Lengths Log-transformed number of words (for English and Russian) or

characters (for Chinese)
Perplexitys Log-transformed perplexity of the utterance, calculated using 5. For

Russian we use rugpt3small_based_on_gpt2 (Zmitrovich et al.,
2023), and for Chinese gpt2-chinese-cluecorpussmall (Zhao
et al., 2019).

Syntactic Part of Speechd Distribution of the utterance’s part of speech tags from
spaCy, trained using language-specific models (en_core_web_sm,
zh_core_web_sm, ru_core_news_sm).

Dependency Tree Depths Log-transformed depth of the dependency tree from spaCy.
Tree Breadths Log-transformed number of leaf nodes.

Tree Dependency Distances Log-transformed average distance between dependents.
Semantic SBERTv Cosine similarity of utterance embeddings from the

Alibaba-NLP/gte-multilingual-base language model for
all three languages (Zhang et al., 2024)

Style Punctuationd Distribution of punctuation characters
Sentiments Distribution of positive, neutral, and negative sentiment using

lxyuan/distilbert-base-multilingual-cased-sentiments-
student for Chinese and blanchefort/rubert-base-cased-
sentiment for Russian

Toxicitys Toxicity of tone and content, as judged by annotatorss-
nlp/russian_toxicity_classifier for Russian and
textdetox/xlmr-large-toxicity-classifier

Table 8: Measures used to evaluate how well LLMs capture properties of human responses at Turn 3 of a conversation
in Russian and Chinese. Superscript indicates whether the difference between human and SIMULATOR measurements
are (s) scalar values (compared with l1-distance), (d) probability distributions (compared with Jensen-Shannon
divergence), or (v) vector embeddings (compared with cosine distance).
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Figure 16: We compare the performance across models and prompts, for individual metrics available in English,
Chinese, and Russian. Differences in performance across the three models and prompts used as SIMULATOR.
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Metric Llama-3.1-8B Llama-3.1-70B Llama-3-70B Mistral-7B Mixtral-8x7B Mistral-Large-123B Phi-3-14B Qwen2-72B Command-R-35B Human
Conv End F1 0.023 0.030 0.024 0.070 0.118 0.153 0.154 0.145 0.214 0.600

Lexical

Utterance Length 0.089 0.111 0.103 0.075 0.075 0.103 0.103 0.099 0.093 0.168
Average Word Length 0.115 0.127 0.128 0.124 0.155 0.143 0.096 0.132 0.129 0.150

Perplexity 0.047 0.077 0.041 0.008 0.027 0.045 0.020 0.034 0.046 0.033
Typographical Errors 0.187 0.218 0.153 0.152 0.128 0.210 0.160 0.223 0.187 0.248

Average 0.110 0.133 0.106 0.090 0.096 0.125 0.095 0.122 0.114 0.150

Syntatic

Part of Speech 0.073 0.087 0.081 0.080 0.079 0.084 0.074 0.085 0.071 0.136
Dependency Tree Depth 0.106 0.126 0.122 0.087 0.079 0.102 0.099 0.100 0.099 0.161

Tree Breadth 0.065 0.071 0.067 0.033 0.045 0.072 0.051 0.047 0.052 0.213
Tree Dependency Distance 0.091 0.106 0.091 0.056 0.054 0.085 0.064 0.072 0.075 0.237

Average 0.084 0.098 0.090 0.064 0.064 0.086 0.072 0.076 0.074 0.187

Semantic

SBERT 0.135 0.142 0.140 0.154 0.153 0.138 0.147 0.145 0.130 -0.006
LIWC 0.073 0.078 0.073 0.087 0.089 0.073 0.080 0.075 0.069 0.083

Prompt Type 0.282 0.297 0.293 0.295 0.288 0.278 0.279 0.269 0.261 0.190
Average 0.163 0.172 0.169 0.179 0.177 0.163 0.169 0.163 0.153 0.089

Style

Punctuation 0.046 0.076 0.072 0.082 0.052 0.068 0.068 0.062 0.061 0.141
Capitalization 0.074 0.179 0.118 0.103 0.081 0.134 0.060 0.071 0.091 0.551

Sentiment 0.193 0.176 0.162 0.170 0.165 0.154 0.181 0.148 0.182 0.149
Politeness 0.100 0.104 0.101 0.162 0.148 0.150 0.154 0.112 0.168 0.191
Formality -0.015 0.005 0.003 0.028 0.006 0.012 0.012 -0.008 0.016 -0.043
Toxicity 0.088 0.080 0.092 0.199 0.252 0.233 0.119 0.042 0.215 0.212

Readability 0.164 0.167 0.166 0.248 0.244 0.229 0.200 0.198 0.196 0.070
Subjectivity 0.051 0.059 0.060 0.069 0.058 0.065 0.057 0.076 0.065 0.102

LUAR 0.044 0.048 0.046 0.048 0.047 0.047 0.047 0.045 0.040 -0.003
Average 0.074 0.099 0.093 0.116 0.125 0.122 0.105 0.069 0.090 0.140

Table 9: Correlation between metrics in SIMULATOR and HUMAN Turn 3 across different LLMs in English.

Metric Best Prompt Worst Prompt Prompt Override Prompt Direct Prompt CoT Human
Conv End F1 0.019 0.022 0.072 0.245 0.156 0.600

Lexical

Utterance Length 0.205 0.023 0.148 0.112 0.106 0.168
Average Word Length 0.309 0.069 0.097 0.106 0.185 0.150

Perplexity 0.125 0.002 0.073 0.039 0.043 0.033
Typographical Errors 0.250 0.031 0.251 0.242 0.195 0.248

Syntatic

Part of Speech 0.111 0.041 0.08 0.098 0.073 0.136
Dependency Tree Depth 0.165 0.049 0.154 0.104 0.099 0.161

Tree Breadth 0.121 0.022 0.052 0.063 0.028 0.213
Tree Dependency Distance 0.112 0.032 0.120 0.096 0.090 0.237

Semantic
SBERT 0.146 0.125 0.137 0.139 0.123 -0.006
LIWC 0.093 0.055 0.066 0.078 0.070 0.083

Prompt Type 0.320 0.184 0.283 0.296 0.277 0.19

Style

Punctuation 0.115 0.062 0.088 0.082 0.056 0.141
Capitalization 0.208 0.063 0.141 0.061 0.074 0.551

Sentiment 0.195 0.221 0.135 0.148 0.125 0.149
Politeness 0.215 0.096 0.112 0.126 0.140 0.191
Formality 0.008 -0.007 0.015 -0.003 0.010 -0.043
Toxicity 0.219 0.095 0.167 0.183 0.117 0.212

Readability 0.250 0.201 0.205 0.224 0.186 0.070
Subjectivity 0.089 0.038 0.057 0.071 0.072 0.102

LUAR 0.055 0.032 0.042 0.043 0.042 -0.003

Table 10: Correlation between metrics in SIMULATOR and HUMAN Turn 3 across prompts in English.

Metric Mixtral-8x7B Llama-3.1-70B Mistral-Large-123B Prompt Override Prompt Direct Prompt CoT
Conv End F1 0.108 0.194 0.027 0.010 0.197 0.118

Lexical Utterance Length 0.009 0.133 0.155 0.095 0.050 0.119
Perplexity 0.112 0.151 0.174 0.163 0.130 0.130

Syntactic

Part of Speech 0.054 0.068 0.081 0.060 0.072 0.070
Dependency Tree Depth 0.001 0.074 0.073 0.073 0.006 0.053

Tree Breadth 0.019 0.093 0.152 0.108 0.036 0.113
Tree Dependency Distance 0.026 0.058 0.098 0.097 0.022 0.064

Semantic SBERT 0.160 0.160 0.162 0.158 0.170 0.155

Style
Punctuation 0.078 0.062 0.105 0.080 0.095 0.066
Sentiment 0.107 0.132 0.185 0.157 0.117 0.150
Toxicity 0.076 0.113 0.096 0.098 0.115 0.079

Table 11: Correlation between SIMULATOR and HUMAN Turn 3 across models and prompts in Chinese.
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Metric Mixtral-8x7B Llama-3.1-70B Mistral-Large-123B Prompt Override Prompt Direct Prompt CoT
Conv End F1 0.121 0.208 0.095 0.080 0.062 0.262

Lexical Utterance Length 0.040 0.088 0.120 0.086 0.067 0.099
Perplexity 0.024 0.071 0.066 0.044 0.054 0.067

Syntactic

Part of Speech 0.050 0.075 0.081 0.063 0.073 0.063
Dependency Tree Depth 0.087 0.101 0.128 0.118 0.091 0.108

Tree Breadth 0.020 0.076 0.035 0.046 0.039 0.043
Tree Dependency Distance 0.016 0.051 0.029 0.036 0.034 0.037

Semantic SBERT 0.138 0.133 0.126 0.131 0.145 0.119

Style
Punctuation 0.069 0.077 0.069 0.068 0.085 0.062
Sentiment 0.065 0.069 0.059 0.065 0.067 0.059
Toxicity 0.164 0.205 0.178 0.171 0.170 0.223

Table 12: Correlation between SIMULATOR and HUMAN Turn 3 across models and prompts in Russian.

Lexical Semantic Style Syntactic Overall

ai_turn_2_capitalization −0.25∗∗∗ −0.33∗∗∗ −0.06 −0.16∗∗∗ −0.20∗∗∗

ai_turn_2_log_word_count 0.00 0.03∗∗∗ 0.06∗∗∗ 0.01∗∗∗ 0.02∗∗∗

ai_turn_2_politeness −0.14∗∗∗ −0.03∗∗∗ −0.09∗∗∗ 0.05∗∗∗ −0.05∗∗∗

ai_turn_2_sentiment 0.03∗∗∗ 0.07∗∗∗ 0.06∗∗∗ 0.00 0.04∗∗∗

ai_turn_2_subjectivity −0.02 −0.05∗∗∗ 0.06∗∗∗ −0.09∗∗∗ −0.02∗∗∗

ai_turn_2_toxicity −0.05∗∗∗ 0.01 −0.02 −0.07∗∗∗ −0.03∗∗

ai_turn_2_typo −0.13∗∗∗ −0.10∗∗∗ −0.12∗∗∗ −0.02∗ −0.09∗∗∗

ai_turn_2_word_length −0.14∗∗∗ −0.05∗∗∗ 0.08∗∗∗ 0.02∗∗∗ −0.02∗∗∗

const 0.52∗∗∗ 0.18∗∗∗ −0.43∗∗∗ −0.05∗∗∗ 0.06∗∗∗

human_turn_1_capitalization 0.06∗∗∗ −0.05 −0.16∗∗∗ −0.41∗∗∗ −0.14∗∗∗

human_turn_1_log_word_count 0.03∗∗∗ 0.03∗∗∗ 0.06∗∗∗ 0.02∗∗∗ 0.03∗∗∗

human_turn_1_politeness 0.22∗∗∗ 0.20∗∗∗ 0.09∗∗∗ 0.16∗∗∗ 0.17∗∗∗

human_turn_1_sentiment −0.17∗∗∗ −0.24∗∗∗ −0.10∗∗∗ 0.03∗∗∗ −0.12∗∗∗

human_turn_1_subjectivity 0.10∗∗∗ 0.11∗∗∗ 0.06∗∗∗ 0.03∗∗∗ 0.08∗∗∗

human_turn_1_toxicity −0.01 −0.01 −0.06∗∗∗ −0.16∗∗∗ −0.06∗∗∗

human_turn_1_typo −0.17∗∗∗ −0.19∗∗∗ −0.15∗∗∗ −0.06∗∗∗ −0.14∗∗∗

human_turn_1_word_length −0.15∗∗∗ −0.10∗∗∗ 0.05∗∗∗ −0.03∗∗∗ −0.06∗∗∗

SIMULATOR _Mistral-Large-Instruct 0.04∗∗∗ −0.01 −0.04∗∗∗ −0.06∗∗∗ −0.02∗∗∗

SIMULATOR _Mixtral-8x7B −0.03∗∗∗ −0.01 0.03∗∗∗ −0.03∗∗∗ −0.01∗∗∗

CHATBOT _gpt-3.5-turbo-0125 −0.03∗∗ −0.02 −0.03∗∗∗ −0.01 −0.02∗∗

CHATBOT _gpt-3.5-turbo-0613 0.04∗∗∗ 0.07∗∗∗ 0.01∗∗∗ 0.02∗∗∗ 0.04∗∗∗

CHATBOT _gpt-4-0125-preview −0.03∗∗∗ −0.01 −0.08∗∗∗ −0.02∗∗∗ −0.03∗∗∗

CHATBOT _gpt-4-0314 0.05∗∗∗ 0.08∗∗∗ −0.01 0.04∗∗∗ 0.04∗∗∗

CHATBOT _gpt-4-1106-preview −0.04∗∗∗ 0.01 −0.07∗∗∗ −0.02∗∗∗ −0.03∗∗∗

Prompt_15 0.04∗∗∗ 0.01 −0.01 0.04∗∗∗ 0.02∗∗∗

Prompt_19 0.11∗∗∗ −0.01 −0.15∗∗∗ 0.06∗∗∗ 0.00
subregion_Central Asia −0.12∗∗∗ −0.05 −0.06 −0.03 −0.06∗∗∗

subregion_E Asia −0.19∗∗∗ −0.21∗∗∗ −0.06∗∗∗ 0.06∗∗∗ −0.10∗∗∗

subregion_E Europe −0.10∗∗∗ −0.01 −0.04∗∗∗ −0.01∗∗ −0.04∗∗∗

subregion_Latin America 0.03∗∗∗ 0.05∗∗∗ 0.02 −0.03∗∗∗ 0.02
subregion_N Africa −0.12∗∗∗ −0.10∗∗∗ −0.03∗∗∗ 0.01∗ −0.06∗∗∗

subregion_N America −0.05∗∗∗ −0.09∗∗∗ −0.03∗ 0.01 −0.04∗∗∗

subregion_N Europe 0.01 0.03∗∗∗ 0.01 −0.02∗∗∗ 0.01
subregion_Oceania −0.05∗∗∗ −0.01 −0.05∗∗∗ −0.03∗∗∗ −0.04∗∗∗

subregion_S Asia −0.13∗∗∗ −0.16∗∗∗ −0.07∗∗∗ 0.01 −0.09∗∗∗

subregion_S Europe −0.05∗∗∗ −0.04∗∗∗ −0.03∗∗ −0.03∗∗∗ −0.04∗∗∗

subregion_SE Asia −0.19∗∗∗ −0.15∗∗∗ −0.08∗∗∗ 0.00 −0.11∗∗∗

subregion_Sub-Saharan Africa −0.03 −0.05∗∗ 0.03 0.03∗∗∗ 0.00
subregion_W Asia −0.12∗∗∗ −0.12∗∗∗ −0.06∗∗∗ −0.03∗∗∗ −0.08∗∗∗

subregion_W Europe −0.08∗∗∗ −0.05∗∗∗ −0.02∗∗ −0.02∗∗∗ −0.04∗∗∗

Observations 296120.00 296122.00 296122.00 296122.00 296122.00
R2 0.11 0.07 0.16 0.10 0.12
Adjusted R2 0.11 0.07 0.16 0.10 0.12
Residual Std. Error 0.60 0.77 0.64 0.36 0.46
F Statistic 399.06∗∗∗ 241.83∗∗∗ 628.70∗∗∗ 354.59∗∗∗ 452.18∗∗∗

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 13: Coefficients for all regressions in §7. Stars represent p-values adjusted for multiple comparisons using a
Bonferroni correction (* p<0.05, ** p<0.01, *** p<0.001).
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Lexical Semantic Style Syntactic Overall

topic_General-short questions, story −0.03∗∗ 0.01 −0.02 −0.10∗∗∗ −0.04∗∗∗

topic_General-short requests −0.49∗∗∗ −0.53∗∗∗ −0.24∗∗∗ −0.09∗∗ −0.34∗∗∗

topic_Information-business −0.03 −0.05∗∗∗ −0.13∗∗∗ −0.04∗∗∗ −0.06∗∗∗

topic_Information-chemistry 0.02 −0.05∗ −0.28∗∗∗ −0.04∗∗∗ −0.09∗∗∗

topic_Information-history 0.07 −0.03 0.10∗∗ 0.01 0.04
topic_Information-language, programming −0.15∗∗∗ −0.21∗∗∗ −0.11∗∗∗ −0.17∗∗∗ −0.16∗∗∗

topic_Information-math, statistics −0.05∗∗∗ −0.10∗∗∗ −0.39∗∗∗ −0.11∗∗∗ −0.16∗∗∗

topic_Information-philosophy, physics −0.14∗∗∗ −0.13∗∗∗ −0.22∗∗∗ −0.14∗∗∗ −0.16∗∗∗

topic_Information-seo −0.38∗∗∗ −0.33∗∗∗ −0.34∗∗∗ −0.12∗∗∗ −0.29∗∗∗

topic_Jailbreak-crewbattles −0.23∗∗∗ −0.02 −0.16∗∗∗ −0.09∗∗∗ −0.13∗∗∗

topic_Jailbreak-lucys, dan −0.31∗∗∗ −0.52∗∗∗ −0.54∗∗∗ −0.20∗∗∗ −0.39∗∗∗

topic_Jailbreak-math, code −0.06 0.01 −0.21∗∗∗ −0.01 −0.07∗∗

topic_Jailbreak-narotica −0.16∗∗∗ −0.16∗∗∗ −0.10∗∗∗ −0.16∗∗∗ −0.14∗∗∗

topic_Jailbreak-nsfwgpt −0.13∗∗∗ −0.11∗∗∗ −0.19∗∗∗ −0.16∗∗∗ −0.15∗∗∗

topic_Jailbreak-system −0.16∗∗∗ −0.11∗∗∗ −0.26∗∗∗ −0.12∗∗∗ −0.16∗∗∗

topic_Multilingual-japanese, chinese −0.27∗∗∗ −0.25∗∗∗ −0.22∗∗∗ 0.02 −0.18∗∗∗

topic_Multilingual-russian, chinese −0.33∗∗∗ −0.11 −0.33∗∗∗ −0.10∗∗∗ −0.22∗∗∗

topic_Programming-agent setup1 −0.30∗∗∗ −0.56∗∗∗ −0.30∗∗∗ −0.13∗∗∗ −0.32∗∗∗

topic_Programming-agent setup2 −0.22∗∗∗ −0.16∗∗∗ −0.16∗∗∗ −0.06∗∗∗ −0.15∗∗∗

topic_Programming-audio, math −0.09∗∗∗ −0.15∗∗∗ 0.05 0.05∗ −0.04
topic_Programming-data science −0.26∗∗∗ −0.28∗∗∗ −0.55∗∗∗ −0.19∗∗∗ −0.32∗∗∗

topic_Programming-front end −0.28∗∗∗ −0.33∗∗∗ −0.50∗∗∗ −0.25∗∗∗ −0.34∗∗∗

topic_Programming-java −0.34∗∗∗ −0.45∗∗∗ −0.61∗∗∗ −0.16∗∗∗ −0.39∗∗∗

topic_Programming-java, app −0.25∗∗∗ −0.31∗∗∗ −0.41∗∗∗ −0.12∗∗∗ −0.27∗∗∗

topic_Programming-python, data science −0.20∗∗∗ −0.24∗∗∗ −0.45∗∗∗ −0.19∗∗∗ −0.27∗∗∗

topic_Roleplay setup-sexual −0.11∗∗∗ −0.08∗∗∗ −0.08∗∗∗ −0.27∗∗∗ −0.13∗∗∗

topic_Roleplay setup-teen drama 0.03 −0.02 0.10∗∗∗ −0.08∗∗∗ 0.01
topic_Roleplay setup-transmorph, sexual −0.06∗∗∗ −0.05∗∗ 0.13∗∗∗ −0.06∗∗∗ −0.01
topic_Story, Programming-sci-fi, svg image −0.04 −0.06 −0.14∗∗∗ −0.14∗∗∗ −0.09∗∗∗

topic_Story-alex-zane, anime 0.04 0.14∗∗∗ 0.22∗∗∗ −0.18∗∗∗ 0.05∗∗∗

topic_Story-alternative history 0.05∗∗∗ 0.06∗∗∗ 0.00 −0.04∗∗∗ 0.02
topic_Story-animal, monster 0.10∗∗ 0.22∗∗∗ 0.13∗∗∗ 0.03 0.12∗∗∗

topic_Story-bathroom, sexual 0.00 0.14∗ 0.00 0.09∗∗∗ 0.06
topic_Story-boyband −0.24∗∗∗ −0.14∗∗∗ −0.17∗∗∗ −0.07∗∗∗ −0.15∗∗∗

topic_Story-comedy1 −0.06 −0.11∗∗ −0.02 −0.20∗∗∗ −0.10∗∗∗

topic_Story-comedy2 −0.07∗∗∗ −0.01 0.05∗∗ −0.10∗∗∗ −0.03∗

topic_Story-fan fiction 0.17∗∗∗ 0.21∗∗∗ 0.12∗∗∗ −0.02 0.12∗∗∗

topic_Story-japanese musician 0.03 −0.10 0.02 −0.04 −0.02
topic_Story-kid, girl 0.00 −0.10∗∗∗ −0.07∗∗∗ −0.09∗∗∗ −0.07∗∗∗

topic_Story-kids’ show −0.08∗∗ −0.08∗ −0.11∗∗∗ −0.11∗∗∗ −0.09∗∗∗

topic_Story-literature club 0.03 0.06 −0.05 −0.12∗∗∗ −0.02
topic_Story-movies −0.05∗∗ −0.03 0.03 −0.08∗∗∗ −0.03∗

topic_Story-pokemon, casual −0.01 0.05 −0.09 0.01 −0.01
topic_Story-robot −0.18 −0.06 −0.29∗∗∗ −0.03 −0.14
topic_Story-sci-fi, magic 0.01 −0.04 0.05∗∗∗ −0.14∗∗∗ −0.03∗

topic_Story-superhero 0.03 −0.40∗∗∗ 0.29∗∗∗ −0.23∗∗∗ −0.08∗∗∗

topic_Text-to-Image prompt-human −0.19∗∗∗ −0.26∗∗∗ −0.16∗∗∗ −0.09∗∗∗ −0.17∗∗∗

topic_Text-to-Image prompt-scene1 −0.33∗∗∗ −0.34∗∗∗ −0.25∗∗∗ −0.16∗∗∗ −0.27∗∗∗

topic_Text-to-Image prompt-scene2 −0.24∗∗∗ −0.25∗∗∗ −0.20∗∗∗ −0.01 −0.18∗∗∗

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 14: Continuation of Table 13
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Meta-Llama-3-70B
Meta-Llama-3.1-70B

Meta-Llama-3.1-8B
Mistral-7B-v0.3

Mistral-Large
Mixtral-8x7B-v0.1
Phi-3-medium-4k

Qwen2-72B
c4ai-command-r-v01

Random Baseline
Annotator Baseline

Real Conv. Continues Real Conv. Ends

Figure 17: SIMULATORs tend to predict that a conver-
sation will end at similar frequencies irrespective of
whether the HUMAN actually ended the conversation.
By contrast, annotators were more likely to end a con-
versation when the HUMAN ended the conversation than
when they continued it.

0.0 0.1 0.2 0.3 0.4 0.5
Frequency of Predicting

Conversation Ends

English

Chinese

Russian

Random

Real Conv. Continues Real Conv. Ends

Figure 18: Across all three languages, SIMULATORs
tend to predict that a conversation will end at similar
frequencies irrespective of whether the HUMAN actually
ended the conversation.
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