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Abstract

While large language models (LLMs) are gen-
erally considered proficient in generating lan-
guage, how similar their language usage is to
that of humans remains understudied. In this
paper, we test whether models exhibit linguistic
convergence, a core pragmatic element of hu-
man language communication, asking: do mod-
els adapt, or converge, to the linguistic patterns
of their user? To answer this, we systematically
compare model completions of exisiting dia-
logues to the original human responses across
sixteen language models, three dialogue cor-
pora, and a variety of stylometric features. We
find that models strongly converge to the con-
versation’s style, often significantly overfitting
relative to the human baseline. While conver-
gence patterns are often feature-specific, we
observe consistent shifts in convergence across
modeling settings, with instruction-tuned and
larger models converging less than their pre-
trained counterparts. Given the differences be-
tween human and model convergence patterns,
we hypothesize that the underlying mechanisms
for these behaviors are very different.

1 Introduction

Large language models have revolutionized natu-
ral language generation, with both proprietary and
open-source chatbots providing grammatical and
topical responses to user queries (e.g., Grattafiori
etal., 2024; Gemma Team et al., 2025). These mod-
els have become so fluent (particularly in English)
that readers frequently cannot determine whether
a text was authored by a human or a model (Clark
et al., 2021). The apparent linguistic competency
of LLMs thus opens an array of questions on the
properties of model-generated language, particu-
larly concerning how model language use differs
from humans’.

In this work, we investigate this through the lens
of accommodation, the process by which people
adjust their speech or writing style based on the

identity of their interlocutor (Giles et al., 1991).
While accommodation takes many forms, in this
paper we focus on linguistic convergence, or how
similar the target’s language is to their interlocu-
tor’s (Niederhoffer and Pennebaker, 2002). As the
most prevalent use case for LLMs is via a chat
agent, convergence acts as an interesting case study
into the novel setting of human-model interaction.
Thus, we seek to answer the following questions:
Do LLM-based chatbots adapt their language use
to mirror that of their users? And does this behavior
mirror trends observed in human accommodation
or follow different patterns?

To study convergence in LLMs, we perform a
systematic analysis of model-generated responses
to human-authored conversations, which we collect
by prompting various LLMs to complete turns in
existing conversations drawn from dialogue cor-
pora. We then analyze these responses for a series
of stylometric features used to study accommoda-
tion in human linguistics, in order to estimate the
degree of convergence LLMs exhibit towards their
context relative to randomly-sampled utterances
and a human control (i.e., the gold text in turns that
the model replaces).

Our experiments show that models strongly
adapt their outputs’ style to their context. We also
find differences in convergence across model size
and training schemes, with larger and instruction-
tuned models converging less than smaller or solely
pretrained models. Given that pretrained models
often overconverge on these linguistic markers rel-
ative to the human baseline, this indicates that
instruction-tuned models are frequently more in
line with human behavior. Furthermore, these con-
vergence patterns are feature-specific, with models
adapting to their context to different extents across
metrics. While this varied behavior across features
is also common in human accommodation, the vari-
ance we observe in the models often differs from
that of the human baseline, indicating subtler dif-



ferences in human and model convergence. We
then conclude by discussing the implications of
this work towards understanding the linguistics of
LLMs.

To summarize, this paper presents the follow-
ing primary contributions: (1) we develop a novel,
synthetic paradigm for testing model behavior with
respect to a paired human control, which we ap-
ply to studying linguistic convergence in LLMs;
and (2) we present a quantitative analysis of into
how language models converge to the style of their
context, with insights into how modeling factors
affect this phenomenon and the implications it has
for interpreting model-generated text. Our findings
demonstrate how models do and do not adapt to
their inputs across various stylistic features, provid-
ing broader insights into the relationship between
human and model language use.'

2 Related Work

Linguistic accommodation has been widely stud-
ied in human communication (Giles et al., 1991;
Niederhoffer and Pennebaker, 2002; Giles et al.,
2023, inter alia). Many prior works have lever-
aged computational methods to characterize this
phenomenon in human language across settings
ranging from online interactions (Mukherjee and
Liu, 2012; Berdicevskis and Erbro, 2023) to code-
switching (Bawa et al., 2018) and movie dialogues
(Danescu-Niculescu-Mizil and Lee, 2011). Bhatt
and Rios (2021) study how users exhibit accommo-
dation when interacting with models, while Parekh
et al. (2020) examine how users accommodate
model code-switching in conversation. In this pa-
per, we apply the method presented in Ireland et al.
(2011) to model-generated text while expanding
the analysis to include additional stylometric fea-
tures, to better understand how models adapt their
language to their users.

Accommodation research methods have also
been applied to computational models of language
in prior work. Earlier work has examined the rel-
evance of model accommodation in chatbot task
effectiveness (Chaves et al., 2019; Thomas et al.,
2020). Most similar to this paper is Kandra et al.
(2025), which tests whether GPT-40 exhibits syn-
tactic accommodation. However, Kandra et al.
(2025) focuses on entirely machine-generated in-
teractions between two LLM agents, while our ex-

'The source code and model generations can be found at
https://github.com/blvns/1Im-convergence.

periments test the extent to which LLMs show ac-
commodation while completing a pre-existing dia-
logue. Thus, our setting enables direct comparison
between human and model responses in a given
context. We also evaluate a larger suite of open-
source language models across two model families
and study a large set of stylometric features to fully
characterize the convergence of these models.

Finally, this work also falls into the broader field
of language model behavioral analysis (see Chang
and Bergen (2024) for a survey of this area). In
particular, our analysis of the stylistic convergence
of LMs to their inputs corroborates findings on syn-
tactic and semantic priming in language models
(Sinclair et al., 2022; Jumelet et al., 2024; Gonen
et al., 2025). However, we characterize this con-
vergence more broadly for user-model interactions,
rather than through carefully constructed behav-
ioral probes.

3 Measuring Linguistic Convergence in
Language Models

Linguistic convergence occurs when a speaker
adapts their language to mirror that of the person
they are communicating with. While it is com-
monly accepted that humans frequently accommo-
date one another in this manner (e.g. Niederhoffer
and Pennebaker, 2002), it is unknown to what ex-
tent language models exhibit these patterns during
human-model interaction. We test whether con-
vergence occurs in machine-generated text via a
two-step process. First, we elicit generations that
are grounded in human-authored conversations. We
then test whether the model responses exhibit con-
vergence compared to several control settings.

Data Generation First, we elicit machine-
generated texts grounded in a dialogue by prompt-
ing a model to generate a response I'y continu-
ing a two-person dialogue with speakers Sx; Sy,
conditioned on the prior turns of the conversation
<t = ro; ;e 1; the model is always given ac-
cess to at least m = 5 prior turns of dialogue.
Therefore, the model replaces the utterance of
speaker Sy beginning at t = 6 and continues to
participate in the role of Sy on turns t = 8;10; :::g
for the remainder of the dialogue.

By replacing utterances within human-authored
conversations, our data generation approach ap-
proximates a human-model experimental paradigm
while minimizing annotator burden. Thus, this set-
ting enables us to extend our experimental frame-


https://github.com/blvns/llm-convergence

work to many different conversations and domainsnegations, and quanti ers), also using th&M
beyond what is feasible in a single user study. Oumetric to calculate how well each LIWC category
setting also aligns model generations with the origidistribution in generated responses aligns with prior
nal human utterances from conversations, allowingurns. We both report the meafWC agreement
for direct comparisons that are not possible in fullyacross categories and provide a ne-grained analy-
synthetic analyses of LM linguistics. sis of each category in Section 5.3.

Convergence AnalysisNe then quantify how PROPN Overlaye calculate the overlap (per-
well ry accommodates other utterances in the diazcentage) of proper nouns between the text gener-
logue according to a number of different stylomet-ated by the model and the preceding turn. We
ric features (Section 3.1). Unless otherwise state@xpect that language users converging more with
we consider how much converges with respect their interlocutor will have a higher overlap.
tory 1, or the turn immediately prior uttered by  Token Novelty We evaluate the percentage of
the other speakes. Thus, we primarily consider tokens novel relative to the reference utterance,
speci cally how much the model's output mirrors where a smaller percentage of novel tokens would

the linguistic features of the most recent utterancendicate that the model is adapting more to the
from the user; Section 5.4 extends this to a stepsser interacting with it. This is measured as

wise analysis to examine the effect of earlier turngw, \ w; 1j5jwj, wherew, = fw 2 ryg.
(r¢ 2;:::) on model convergence.

In addition to directly measuring model con-ytterance length , LIWC AgreemenandPROPN
vergence, we also compare the models’ behaviapyerlap aresymmetrianetrics and don't account
to two baselines: théwuman baseline, which for directional in uence. Given the nature of our
considers how well the Original utterance thatexperiments (the prior context outside of genera-
re replaces accommodates the prior ®dnd  tionsis xed and can not be affected by the model),

the random baseline, which calculates how e consider this a reasonable assumption to hold.
much a random utterance drawn from a different

conversation in the dataset accommodates. 4 Experimental Setup

DatasetsWe perform our dialogue prompting ex-

3.1 Linguistic Indicators of Convergence periments on three English datasddsilyDialog
We measure the following features to characteriz€Li et al., 2017), containing conversations about
whether models alter their linguistic style to matchdaily life as written by English language learn-
that of their users, drawing on both human accomers; NPRMajumder et al., 2020), a dataset of ra-
modation research and other stylometric featuresdio interview transcripts; and thovie Corpus

Utterance Length We measure how similar (Danescu-Niculescu-Mizil and Lee, 2011), which
model response lengths are to the text in prior turngsontains ( ctional) conversations scraped from
a feature commonly used in accommodation andnovie scripts.
stylometric work, such as in Niederhoffer and Pen- For each dataset, we lter the conversations to
nebaker (2002); Lin and Walker (2017). We meaensure they contain at least six turns of dialogue
sure this with the symmetric metric from Ireland and two speakers; we merge consecutive turns from
etal. (2011)LSMy =1 j a b=(a+ b), where the same speaker into a single turn. We randomly
a andb represent the observed values for toyn  downsample the larger datasets to consider at most
andr; 1, respectively. 1,000 conversations per setting. Our experiments

LIWCAgreement A standard measure of lin- are performed on the ( Itered) development sets of
guistic accommodation is the frequency of LIWC DailyDialog andNPRas theMovie corpus does
(Chung and Pennebaker, 2012) function worchot provide data splits, we randomly sampled our
classes (e.g. Danescu-Niculescu-Mizil and Leegvaluation data from the full set. Table 1 presents
2011). Here, we consider the LIWC2007 classeshe dataset statistics for each corpus post- ltering.
considered in Ireland et al. (2011) (personal and Models We consider two open-source LLM fam-
impersonal pronouns, articles, conjunctions, prepdlies: Gemma 3Gemma Team et al., 2025), with
sitions, auxiliary verbs, frequently used adverbsmodels spanning 1B, 4B, 12B, and 27B parameters;

2].e., establishing the accommodation exhibited by human?ndl-Iama 3(Gratta ori et al., 2024), with models
in the same setting. of 1B, 3B parameters from Llama 3.2 and 8B and



Dataset Statistics
DailyDialog Movie  NPR

Conversations 707 1,000 1,000

Avg. Turns 9.79 8.98 17.57

Avg. Turn Length 13.44 10.87 48.43
" Replaced Turns™ 1,918 ~ 2,280 6,568

Table 1: Dataset sizes and statistics for the dialogue
corpora post- ltering. For each dataset, we calculate
convergence over the model completiondrefplaced
Turnsin each dataset.

70B from the Llama 3.1 release. We perform infer-
ence with checkpoints provided via Huggingface
(Wolf et al., 2019) and use 8-bit quantizaticio
run the largest model (i.e., Llama3 70B). For each
model, we analyze the convergence expressed by
both the pretrained and instruction-tuned versiond:igure 1: Comparison of the human and random base-

Prompting For each dialogue turn we want the Iines on gach metric across datqsets_. Metrics marked
model to complete, we prompt the model to “Con—W'th, " indicate more agreement with higher values; and
tinue this conversation based on the given context™ vice-versa.
and provide the conversation history, including
prior model generations from earlier turns in thethe case of ne-grained linguistic features (Section
conversation if applicable. We perform simple posts_3) and when examining convergence according
hoc ltering of the generations to remove noise,to earlier turns in the conversation (Section 5.4).
such as standardizing white space and Itering diwe also observe different trends depending on the
alogue tags used within the prompt. Appendix Amodel type, with instruction-tuned models gener-
provides example inputs and model generationg|ly converging to their context less than their pre-
and other experimental details. trained counterparts.

Linguistic Annotations We parse each uttrance
with spaCy (Honnibal et al., 2020) to tokenize theS.1 Linguistic Convergence in Human-
data and obtain proper noun annotations, and we  Authored Text

use the LIWC 2007 word classes (Chung and Peryg obtain a baseline for the expected level of con-
nebaker, 2012) to obtain LIWC categories. vergence in our chosen dialogue settings, we rst
examine the linguistic convergence exhibited by
the original speakers in these datasets. We there-
Here, we summarize and discuss the results of thiore compare the level of accommodation (as mea-
convergence analysis for both the human baselinegured by our four convergence metrics) exhibited
and model-generated responses when compared itbground truth utterances witandomutterances
a randomly sampled contrdILLMs adapt signif-  drawn from the dataset (Figure 1).
icantly to the style of their interlocutor across Unsurprisingly, we generally nd that the gold
stylometric features, often matching or exceedingitterancer; converges with the preceding utter-
the level of convergence exhibited in the humaraincer; 1 more than a randomly sampled utterance.
baseline (Figure 2). We nd a signi cant difference p < 0:05in a
However, we note that linguistic convergencepaired t-test) between tlieimanandrandomset-
is often multi-faceted, and human accommodatiortings on theoken novelty andPROPN overlap
behavior often varies signi cantly across featuresmetrics across datasets. However, convergence in
in prior work (e.g., Ireland et al., 2011; Danescu-utterance length is only signi cant between the
Niculescu-Mizil and Lee, 2011). We nd this is two settings on the DailyDialog dataset.
also the case for model convergence, particularly in We also observe differing levels of convergence
mgingface.co/docs/bitsandbytes/ o.n I'_IV\.ICI:.ategories: while NF.)R conversations ex-
*Appendix B presents additional visualizations and theNIPIt Signi cant accommodation over the random
complete set of numerical results. baseline on all LIWC categories exceptanti ers,

5 Analysis Results



Figure 2: Scatter plot of Gemma and Llama Model scores on various convergence metrics relative to human and
random baselines on DailyDialog (top row), Movie corpus (middle), and NPR (bottom), across model sizes (Billion
parameters)PT indicates pretrained checkpoints whiilleare instruction-tuned. Metrics marked witlindicate

more agreement with higher values; ahice-versa.

the other datasets show much smaller differeRceswe consider the following questions:
DailyDialog conversations only show signi cant
differences on ve of nind.IWGword classes (de-
spite appearing to have a large average increa%

Do models converge to their context? We nd
Qat models signi cantly outscore the random base-
ne in 81.25%, 100%, and 85.42% of cases for

in convergence over random utterances), and uttef:

ances drawn from the Movie corpus are only Sig_Utterance Length, PROPN overlamndToken

ni cantly more accommodating over the random\?lvovellty’ respectlveli/, in a paired t-test (p < OL'R/?/)(':
baseline on a single clasaxiliary verbs € also observe sftrong convergence on

The limited linguistic convergence we observe incategog§s6:7(;n Ojjlsf thscfo trﬁ tthe random uttecrl-
the Movie corpus is likely due to the nature of thedNCEs 920770 (44 of 48) of the time on average

data, as the conversations were written by scree (i:\j)vrgs,lwnh sign cgnt |fmpro:;/;a r;;ntfs on qudtL.jal
writers, rather than drawn from naturally occurring classes ranging from 37.5% (for conjunction

speech. Danescu-Niculescu-Mizil and Lee (2011 ordg) to 87.5% (on personal pronoun_s). While
similarly found that while the Movie corpus exhib- peci ¢ model convergence trends can differ based

ited convergence under their conditions, the level" several factors, this indicates that models gener-

observed were much lower compared to real-worloally adapt to the linguistic style of their context.

conversations (in their case, drawn from Twitter). Furthermore, Ianguage models also signi cantly
over-convergeelative to human-authored utter-

5.2 Linguistic Convergence in LLM- ances in many cases. We nd that in 62.5% and
Generated Text 79.2% of cases fddtterance Length andToken
dNoveIty, the model-generated responses signi -

We now turn to examining how model-generate
: . cantly outscore human utterances. Overconver-
responses to these conversations exhibit conver-

ence. Fiaure 2 compares model scores on ea ence occurs in fewer cases #ROPN overlap
9 - 9 ~0mpa %5.4%) and LIWC classes, where they range be-
convergence metric against the human and rando

. ) ween 10.4% an .25% of ings. We di
baselines on the three datasets. With these resullishe.ze 0.4% a .d 56.25% o se'tt gs. We d SCuss
whichmodel settings over t to their context relative

5See Appendix Tables 8, 9, 10 for full numerical results. to humans below.



Does model size and training affect conver- quently signi cantly outscoring the random control.
gence? Figure 2 shows that model training ap-Given the presence of convergence across datasets
proaches affect the convergence behaviors daind indicator metrics, linguistic convergence ap-
LLMs, with pretrained models generally adapt-pears to be a general phenomenon in LLMs across
ing more to their context than their instruction-various data settings and model types.
tuned counterparts. This is particularly true in  However, we also observe shifts in the models'
the case of the Gemma model family, where theadaptation to different datasets, particularly in the
instruction-tuned models exhibit the least amountase of theNPRdataset. Speci cally, models often
of convergence. An exception to this trend isexhibitlessconvergence than the baselines on NPR
thePROPN Overlapetric: here, pretrained mod- for Token NoveltyandPROPN Overlaput sig-
els more closely mirror the human baseline whileni cantly more convergence in terms bftterance
while instruction-tuned models signi cantlyver-  Length (Figure 2). This shift likely stems from
accommodateby more often repeating proper the underlying data: compared to the more casual
nouns from the prior utterance. This difference isdialogue of our other settingslPReonversations
likely due to alternate training objectives; for exam-are interview transcripts that have more structured
ple, pretrained models likelgppearto adapt more turns and expected variance in utterance lengths,
onToken Novelty because they are trained to t particularly between the interviewer and intervie-
closely to the input distribution, while instruction- wee. Thus, while models adapt their style to their
tuned models are encouraged to introduce novelontexts, whether this adaptatiorhisman-likede-
information during ne-tuning. pends on the setting.
We also see minor convergence trends across ] . )
model size: larger models slightly but nonsigni - °-3  Fineé-grained Analysis of LIWC
cantly shift towards the human baseline and accom- ~ Categories
modate their context less ditterance Length, While we examine several axes to quantify lin-
LIWC AgreemenandPROPN Overlgpppendix guistic convergence in language models, the ma-
Table 4). However, convergence trends appedprity of prior computational work on human ac-
more stable for th@oken Novelty metric. commodation quanti es convergence by measuring
_ the frequency of common types of function words
Does model convergence differ across datasets? p5sed on the subset bhAWGvord classes identi ed
We nd that LLMs exhibit relatively consistent by Ireland et al. (2011). In this section, we con-

convergence behavior across the three datasets, f@der model convergence on these rie/Gsub-

categories (rather than the averaged result across
classes reported in prior sections) to understand
ner-grained aspects of when models do and don't
converge to their context.

Figure 3 summarizes the results of our ne-
grained LIWC analysis on DailyDialog, reporting
the relative delta of model scores on these classes
compared to the random and human baselines;
Appendix Figures 5 and 6 present the results for
theMovieandNPRdatasets. We see similar gen-
eral trends to previous sections (e.g., instruction-
tuned models converge less to their context than
pretrained ones), but model behavior often varies
markedly across individudllWCcategories, par-
ticularly in comparison to human scores. Speci -

Figure 3: Summary of model convergence relative tacg|ly, while pretrained model convergence is usu-
the human and random ba_selines for indivi(_JIuaI LIWCa”y stronger than the random baseline, their con-
word classes on thBailyDialog dataset. Pink cells vergence relative to the human baseline is mixed.

indicate classes where the model signi cantly € d h h ined
0:05) overconverges relative to the baseline, while greencompare to human utterances, the pre-traine

cells indicate signi cant undercongergence. Gray cellsnodels overconverge on certain word classes, S_UCh
are not signi cantly different from the baseline. as quanti ers, conjunctions, and adverbs, while



Figure 4: Stepwise analysis of convergence in LM generations (and human ground truth utterafzais)foalog ,
measuring the agreement between each utterangeand the preceding utteranags; ..., 1 on our four metrics.

Timesteps in grayt(= 2; 4) indicate the prior turns in the role the model adofs, while white timesteps are
utterances from the other speak®y, Each line reports the averaged score across all model sizes in a given family.

performing on par with humans on others. Case A (Quant.)
A potential explanation is that pretrained mod- Prior Utterance _ “Iwilltaketen.”
| imol te th d cl | Human Do you want to addomebaby's
els may simply generate these word classes less breath for that?”

overall. Examining the use of quanti ers by the Llama-70B (PT)  “Do you want them delivered?”

largest pretrained Llama3 model, we nd it under- case B (Conj.)

uses this word class relative to the human texts atPrior Utterance “Yes, our over-the-counter medicine
is over there on that shelf.”

similar rates, regardless of whether the prior utter:éérﬁmfa;ﬁg(pﬂ ~Fhankyou” ~ -~~~ """

ance includes at least one quanti er or not (28.6% Gemma-27B (IT)  “GreatAnd how much is a bottle
vs. 24.1%). Table 2 (Case A) shows a pair of of 200?"

model- and human-generated utterances exempli

ing this trend for quanti ers. Given that only 27%f¥able 2: Examples of model responses: pretrained mod-
els overconverge oguanti ers (Case A) and instruction-

of the reference utterances include a quanti er, ittuned models overuse (and thus underconvergeam)
is likely the “overconvergence” we see is at leasfynctions(Case B).

partially due to overall lower use of uncommon
word types by the pretrained models. class in 39% of utterances). Table 2 (Case B) pro-
Furthermore, instruction-tuned models continuevides an example of this overuse.
to converge less than the pretrained ones on in- _ . o
dividual LIWCclasses, underconverging relativeS-4 Stepwise Analysis of Linguistic
to human utterances in 16 cases. Here we see a Convergence
strong difference across model families, with theln the previous analyses, we examine how well the
instruction-tuned LLama models performing sim-model-generated responsgsonverge linguisti-
ilarly to humans on most word classes and theically to the immediately prior utterance in the con-
Gemma counterparts underconverging on a numbefersationr; ;. However, our experimental setup
of categories, such as impersonal pronouns, arfprimes the model with the rst ve turns in a di-
cles, and conjunction usage. There is also a minaglogue before prompting it to participate. Thus,
shift with model size, as larger Gemma modelghere is much more context for the model to poten-
converge less across these classes. tially tto than r; 1, asitis also conditioned on
In contrast with pretrained models, this underother prior turns fronsy, the speaker with whom
convergence seems to stem fromareruseof the model is asked to converse (and the standard
these classes, which causes generations from th&rget of linguistic convergence analysis), and on
instruction-tuned models to align less with theirturns fromSy, the speaker that the model replaces.
context. We examine the use of conjunctions by In this section, we test how linguistic features
the pretrained and instruction-tuned largest Gemmé&om earlier turns in the conversation in uence
models, and nd that instruction-tuned modelsinitial model-generated utterances in conversation.
frequently overgenerate conjunctions relative tdSpeci cally, we take the rst utterance generated
the human and pretrained model, with instructionby the model in each conversation {at 6) and
47.0% and 59.1% of utterances, respectively (fobailyDialog; Appendix Figures 7 and 8 for Movie
reference, the human reference only uses this wordnd NPR datasets). For clarity, we report aver-



age convergence scores across model sizes on eagtal., 2022; Jumelet et al., 2024) and through super-
model family and training scheme set. uous semantic correlations (Gonen et al., 2025).
We nd that human convergence scores uctu-Recently, Kandra et al. (2025) demonstrated this
ate across timesteps; this is unsurprising, as alten the syntactic convergence of model-model inter-
nating timesteps are uttered by the same speakactions. The stylistic convergence and overconver-
Sy as the considered utterangeg indicating that  gence that we observe are thus likely another facet
each speaker's linguistic patterns agree more witlof this behavior.
themselves than with their interlocutors. Interest- |nstead, an important consideration is how the

ingly, we see similar patterns across time with the,ser will interpret texts from models thappearto
language models for most metrics. This nding accommodate them as a human interlocutor would,
suggests that not only do language models adapt i§,ch as in the case of instruction-tuned models. Ap-
their context, they also differentiate this adaptatior’pro'oriate model style has been shown to facilitate
to different roles within the dialogue. successful chatbot interactions (Chaves et al., 2019;
However, we do observe some differences iffhomas et al., 2020), and Bhatt and Rios (2021)
model behavior compared to humans across timeygs that users tend to accommodate models more
particularly onPROPN OverlaModel behavior  \hen they successfully produce topically relevant
follows the human trend less closely for this metricoytputs, treating them more like human conver-
at earlier timesteps, with a sharp increase in overlagatjon partners. Thus, model convergence that is
scores relative to humans on the last turn beforgyore in line with humans (rather than sycophantic,
the model generation (Figure 4). This increasegs overconvergence may appear) will likely lead to

score corresponds to the overconvergence observegyher trust in the model, even if the true capabili-
in models in the prior sections &*RORNhus, it ties of the model are unreliable.

is likely that in the case of exact word overlap (e.qg.,
names and other proper nouns), model convergence )
demonstrates a stromgcency biagowards newer / Conclusion

concepts (Liu et al., 2024).
This paper presents a comprehensive description of

6 Discussion linguistic convergencen a series of open-source
ngenerative language models. Speci cally, we char-
l@cterize the extent to which these language mod-
els adapt their outputs to the style of their context

in some cases the model converges to its conte>?tcr?nSS \\//?/rr']ﬁus strylc;me:ir:g fi?turrevs a?s c:'ialg?ruigo'
similarly to human utterances, we emphasize thagqce:ogs' dataesgtjs znzemogelstrz'ngr? ?e e‘meg Se
the observed similarities do not necessarily indi- Ining regi » W

cate that the underlying causes of these behaviongsenerally ndthat LM gener_atpndo exhibit con-
are the same. Human accommodation is drivet{c 9°"¢€: almost always signi cantly outscorlng
by speakers (often unconsciously) altering theif random (_:ontrol on the considered metrics. Fur-
speech to foster social and communicative goalgqermore, N many cases, language mo_dels also
(Giles et al., 1991). In contrast, language modelSverconverge relative to the human baseline.
do not have these same underlying communication Thus, we consider the extent to which model
goals when generating text. convergence is even related to human accommo-
We hypothesize that model convergence is indation. Finer-grained analysis afWQategories
stead driven by their pretraining objective, which(@ prototypical feature for studying accommoda-
encourages the model to produce test stylisticall{ion) shows that models exhibit very different pat-
consistent with their input by training them on com-terns on these features than humans, suggesting
plete, often single-author documents. This conthat the underlying mechanisms for these behav-
sistency effect extends beyond style convergenc@.rs are likely very different. Therefore, while this
model generations have also been shown to be in york primarily considers human behavior as a ref-
enced by their input in structural priming (Sinclair €rence for characterizing the models' generations,
. _ _ future work should characterize these differences
We similarly see small upticks on convergence with the

rst utterance for multiple datasets and metrics, suggestinJurther and examine th_e underlying causes of the
thatprimacy biasesnay affect convergence as well. observed convergence in LMs.

Throughout our analysis, we compare model co
vergence to that of the human baselines to co
textualize the models' behavior. However, while
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_ S _ IJCNLP 2021 pages 3235-3247.
We approximate the participation of LLMs in user-

driven dialogues by having them complete turnstyler A Cha”g ?’E)d r?enjamiz K Bergehn- 2024. Lan-
L . G guage model behavior: A comprehensive survey.
in existing dlalog_ue datasets. While thl_s approach Computational Linguistics50(1):293—350.

has some experimental advantages (i.e., we can

directly compare human accommodation featureéna Paula Chaves, Eck Doerry, Jesse Egbert, and Marco
with the model's responses in the same context), G€rosa. 2019. It how you say it: Identifying ap-
it also presents some limitations. Speci cally, the propriate register for chatbot language design. In

) v Proceedings of the 7th International Conference on
model's responses may be biased due to participat- Human-Agent Interactigmpages 102—109.

ing only in the later portion of ( xed) conversations. i
Future work should supplement our ex erimentaFInOIy K Chung and James W Pennebaker. 2012. Lin-
: ) PP . P ) guistic inquiry and word count (liwc): pronounced
setting with more focused user studies to validate “|yke”... and other useful facts. lapplied natural
whether our ndings hold in these cases. language processing: Identi cation, investigation
While we perform experiments on sixteen lan- and reSOlUtiom pages 206-229. IGI Global Scienti c
guage models and three dialogue datasets, it re-FuPlishing.
mains an open question how larger model§QB  Elizabeth Clark, Tal August, So a Serrano, Nikita
parameters) and models post-trained on other objec- Haduong, Suchin Gururangan, and Noah A Smith.
tives adapt to their users. The considered datasets 2021- All thats “human'is not gold: Evaluating hu-

. | f ) but th man evaluation of generated text. Rmoceedings
cover various styles of conversations, but these o \he 59th Annual Meeting of the Association for
differ from how some users interact with the mod- Computational Linguistics and the 11th International
els (i.e., information-seeking). Thus, future work Joint Conference on Natural Language Processing
should con rm whether these ndings hold up in ~ (Volume 1: Long Paperspages 7282-7296.
interactive user studies. Finally, while we test forcyistian Danescu-Niculescu-Mizil and Lillian Lee. 2011.
an array of stylometric features, it is possible that Chameleons in imagined conversations: A new ap-

the model's behavior of other aspects of style may Proach to understanding coordination of linguistic
style in dialogs. IfProceedings of the 2nd Workshop

differ. on Cognitive Modeling and Computational Linguis-
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Continue this conversation based on the
given context.

Prompt

Context <user> What can I do for you, sir? </user>
<assistant> We’d like to order breakfast for
tomorrow morning. </assistant> ...
<user> OK, and when shall I bring it here?
</user> \n <model>

Responses

" Human ~  About seven thirty. By the way...

Generation™ At 7:30 AM.

Table 3: Prompt, context, and sample generations for
our prompting setup to obtain model responses for our
convergence analysis. Example text generated by the
Llama3 (3B) pretrained model, example conversation
drawn from the DailyDialog development set.

Figure 5: Summary of model convergence relative to
human and random baselines on LIWC word classes for
DailyDialog.

are released through academic publications with
the intention of contiued use in NLP and dialogue
research.

The spaCy package (Honnibal et al., 2020) is
released under the MIT License (allowing both
academic and commercial use), while the LIWC
package (Chung and Pennebaker, 2012) is under a
custom end user liscense agreement for academic
use.” The Llama3 models (Grattafiori et al., 2024)
are released by Meta for open use under a custom
liscense®, and the Gemma model family is released
under the Gemma Terms of Use.’

B Additional Analysis Results

Here, we present additional analysis figures and
the full numerical results of our convergence ex-

"https://www.liwc.app/help/eula
8https://www.llama.com/llama3/license/
*https://ai.google.dev/gemma/terms

Figure 6: Summary of model convergence relative to
human and random baselines on LIWC word classes for
DailyDialog.

periments. First, we perform a correlation study to
examine the effect of model size and style conver-
gence (Table 4).

Figure 5 and Figure 6 show the relative delta
against the human and random baselines for indi-
vidual LIWC categories for the Movie corpus and
NPR dataset, respectively; this complements the
DailyDialog results presented in Section 5.3. We
also present the full numerical results for the indi-
vidual LIWC classes for DailyDialog (Table 8), the
Movie corpus (Table 9), and NPR (Table 10). We
also report the summary figures for the stepwise
experiments described in Section 5.4 with Figure 7
for the Movie corpus and Figure 8 for NPR.

Finally, we present the full dataset-level exper-
imental results across our convergence metrics in
Tables 5, 6, and 7 for the DailyDialog, Movie,
and NPR datasets, respectively. We also provide
Human and Random baselines in each table for
comparison.



Figure 7: Stepwise analysis of convergence in LM generations (and human ground truth utterances) for the Movie
corpus, measuring the agreement between each utterance r=n and the preceding utterances r't=1::::n 1 on our four
metrics. Timesteps in gray (t = 2;4) indicate the prior turns in the role the model adopts, Sy, while white timesteps
are utterances from the other speaker S.

Figure 8: Stepwise analysis of convergence in LM generations (and human ground truth utterances) for NPR,
measuring the agreement between each utterance ri=p and the preceding utterances I't=1::::n 1 on our four metrics.
Timesteps in gray (t = 2;4) indicate the prior turns in the role the model adopts, Sy, while white timesteps are
utterances from the other speaker Sx.

Dataset PT/IT p
Utterance Length
~ DailyDialog ~ PT  -0.189  0.653
DailyDialog IT -0.221  0.380
Movie PT -0.252  0.546
Movie IT -0.253  0.546
NPR PT -0.263  0.530
NPR IT -0.263  0.529
LIWC Agreement
~ DailyDialog ~~ PT  -0.225  0.592
DailyDialog IT -0.233  0.579
Movie PT -0.212  0.614
Movie IT -0.256  0.541
NPR PT -0.217  0.606
NPR IT -0.218  0.604
PROPN Overlap
~ DailyDialog ~~ PT  -0.355  0.389
DailyDialog IT -0.246  0.558
Movie PT -0.246  0.557
Movie IT -0.136  0.749
NPR PT -0.563  0.146
NPR IT -0.282  0.499
Token Novelty
~ DailyDialog ~ PT  -0.209  0.620
DailyDialog IT -0.214  0.612
Movie PT -0.239  0.569
Movie IT -0.230  0.584
NPR PT -0.199  0.636
NPR IT -0.217  0.606

Table 4: Correlation across model size and convergence
values for different features and experimental settings.
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