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C O M P U TAT I O N A L  S O C I A L  S C I E N C E

Pink noise in dyads’ semantic similarity trajectories 
predicts conversation enjoyment
Kathryn C. O’Nell*, Kiara L. Sanchez, Emily S. Finn*

Conversation is a core component of human social life. Many influential theories treat conversation as a linear 
system, i.e., the sum of its parts. However, linear accounts of semantic entrainment lose explanatory power at their 
upper limits: Discussing perfectly aligned opinions becomes boring. We propose an alternate account that consid-
ers the multiscale organization of semantic similarity over the course of a conversation, as indexed by pink noise. 
Here, we test whether pink noise can be found in interlocutors’ conavigated trajectories through semantic space. 
Not only is pink noise present, but its strength predicts positive conversation outcomes like enjoyment and con-
nection, increases with practice, and is reflected in a large language model’s representation of conversation qual-
ity. These results demonstrate an important role for scale-free dynamics in characterizing successful conversation.

INTRODUCTION
Good conversation is like pornography—it is difficult to define, 
but we know it when we see it. Despite the difficulty of the task, 
building a mechanistic understanding of how good conversation 
emerges is essential to the study of human social interaction. Ex-
isting work takes several approaches: investigations based on high-
level folk-psychological constructs (1–3), data-driven approaches 
that objectively quantify low- and mid-level features of conversa-
tion (4–7), and the application of domain-general cognitive mech-
anisms to the specific task of conversation (8–11). While this work 
has made some inroads into the thorny problem of characterizing 
good conversation, many of these approaches rely primarily on lin-
ear methods that assume conversation to be the sum of its parts (i.e., 
individual speakers and speech acts) rather than an interactive dy-
namical system (12).

While natural conversation is composed of many verbal and non-
verbal signals, we focus on semantics—i.e., the actual words people 
use—as a particularly important channel for communication. Prior 
work has demonstrated that the degree to which conversation part-
ners use similar language predicts outcomes ranging from romantic 
interest and relationship stability (13) to group cohesion (14). Much 
of this body of work, however, operationalizes similarity as a global 
property of the conversation—computed as an average or aggregate 
score—rather than a dynamic signal, leaving open the questions of 
(i) how semantic similarity fluctuates over the course of a conversa-
tion and (ii) how those fluctuations shape outcomes. Some past work 
indicates that contextual and temporal variability in semantic similar-
ity matter for outcomes, suggesting that conversation contains dy-
namics that aggregate measures cannot fully capture (15–20). Hence, 
shifting to an explicitly dynamical approach can help us better un-
derstand how conversation works.

Characterizing how semantic similarity fluctuates over time means 
asking not just how much it varies but how variation at different tim-
escales is related—whether rapid, turn-to-turn shifts are organized 
together with the slow arc of the conversation. No measure computed 
at a single, fixed timescale can answer this, since coupling is a property 

of the relationship between scales rather than of any single scale. We 
therefore ask whether semantic similarity exhibits structure that recurs 
across timescales rather than concentrating at any one, a property cap-
tured by a signal’s noise color. Pink noise, sometimes called “1/f noise,” 
occurs in signals where power is inversely proportional to frequency 
on a log-log scale, such that lower frequencies show higher power. 
These signals sit halfway between purely stochastic white noise, with 
equal power in all frequencies, and Brownian drift, where lower fre-
quencies dominate.

To build intuition about how pink noise and its alternatives might 
function in conversation, we can imagine hypothetical conversa-
tions that differ in the noise color of their semantic similarity trajec-
tories. In a conversation exhibiting pink noise, interlocutors would 
not stay perfectly aligned forever, nor would they drift apart random-
ly. Instead, they would remain aligned for a while, diverge as one in-
troduces something new, then realign as the other picks it up and 
develops it further. This pattern—periods of stability nested within 
periods of change across many timescales—produces pink noise, a 
“goldilocks zone” between chaos and rigidity. In a conversation clos-
er to white noise, however, interlocutors’ alignment varies unpre-
dictably from each turn to the next: They might briefly align because 
one responds directly to the other, but this alignment is just as likely 
to disappear immediately, replaced by an unrelated comment or 
abrupt shift in direction. Red noise would bring a conversation to-
ward the other extreme: When partners are closely aligned, they re-
main aligned for long stretches, continuing to repeat, elaborate, or 
restate the same ideas. When they diverge, they remain apart, with 
limited reconnection.

These three possible patterns do not differ in how similar part-
ners are on average over the course of a conversation, but rather in 
how that similarity evolves over time. White noise reflects similarity 
that fluctuates without temporal structure, suggesting limited sus-
tained coordination. Red noise reflects overly persistent similarity, 
suggesting rigid conversational dynamics. Pink noise reflects an in-
termediate regime in which similarity shows both persistence and 
change across multiple timescales, consistent with a system that bal-
ances stability and flexibility.

Here, we demonstrate that interlocutors’ negotiations in semantic 
space exhibit nontrivial multiscale structure and that the strength of the 
pink noise signal predicts positive conversational outcomes like enjoy-
ment and connection. We find evidence for this in two independent 
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dyadic conversation datasets, in addition to naturally occurring sources 
of data like two-host podcasts and speed-dating encounters. We also 
demonstrate that large language models (LLMs) asked to generate en-
joyable conversations produce scripts with stronger pink noise signals, 
suggesting that this relationship between enjoyment and multiscale or-
ganization is encoded in the large quantity of human-generated text 
used to train LLMs.

RESULTS
Pink noise emerges in semantic similarity dynamics 
during conversation
Our first goal was a proof of concept: to demonstrate that pink noise 
in interlocutors’ movement toward and away from each other in se-
mantic space is present in conversation. For this, we used data from 
the CANDOR corpus (5), a dataset consisting of 1656 open-ended 
conversations between strangers [mean conversation length in min-
utes = 34.1 (SD = 9.2); mean conversation length in turns = 320.2 
(SD = 92.4)]. For each conversation, the transcript was split into turns, 
each turn was embedded in high-dimensional semantic space, and the 

distance between adjacent turns was calculated to produce a semantic 
similarity trajectory for the conversation (Fig. 1; see Materials and 
Methods for more details). For each semantic similarity trajectory, 
detrended fluctuation analysis (DFA) (21, 22) was used to determine 
a noise scaling coefficient for the conversation. A coefficient of 0.5 
represents white noise, while a coefficient of 1.0 represents pink noise. 
Within the CANDOR corpus, 94% of conversations had noise scaling 
coefficients greater than 0.5 (mean = 0.62, SD = 0.08; Fig. 2A), suggest-
ing that these conversations exhibit some degree of scale-free dynamics 
in their semantic similarity trajectories.

While signal noise color is a size-invariant measure, two compli-
cations can arise when working with shorter signals (i.e., those with 
approximately 300 or fewer observations). First, fewer opportunities 
to observe power at low-frequency bands can result in systematically 
lower (whiter) noise scaling coefficients. On the other hand, short 
stochastic signals produce a broader distribution of scaling coeffi-
cients than their longer counterparts, raising the likelihood of a spu-
riously high (pinker) scaling coefficient. To account for these two 
sources of bias, we transformed the raw noise scaling coefficients into 
z-scores by comparing them to a conversation-specific null generated 

Fig. 1. Methods overview. (A) An artificial conversation snippet. (B) A depiction of how a semantic similarity trajectory is generated for a single conversation transcript. 
Top: Each point represents the 1-dimensional projection of a 768-dimensional semantic embedding of a conversational turn; see the expanded box for an example. The 
red and blue lines represent each of the two speakers’ separate trajectories through semantic space, and the gradient lines connecting each adjacent turn represent the 
(cosine) distance between these turns’ embeddings. Bottom: A depiction of the whole conversation’s semantic similarity trajectory. Note that the yellow bars connecting 
points on this trajectory to the maximum value of 1 are the same length as the yellow bars in the top of this figure, which represent semantic distance between embed-
dings of adjacent turns. (C) A depiction of how a semantic similarity trajectory’s PNR is calculated. Left top: The example semantic similarity trajectory from (B), which has 
a noise scaling coefficient of 0.71. Left bottom: An example similarity trajectory generated by shuffling the signal in the panel above. A null distribution of noise scaling 
coefficients is built for each conversation by repeating this shuffling process 1000 times and calculating a noise scaling coefficient for each of these shuffled trajectories. 
Right: A depiction of a conversation’s original noise scaling coefficient as compared to its null distribution. A conversation’s PNR is the z-score of the original noise scaling 
coefficient compared to its null.
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by calculating the scaling coefficients for 1000 shuffled semantic sim-
ilarity trajectories (see Materials and Methods for more details). The 
CANDOR conversations had a mean z-scored noise scaling coef-
ficient of 1.43 (SD = 1.24; Fig. 2B), confirming that observed noise 
scaling coefficients above 0.5 were not merely artifacts of signal 
length. In the remainder of our analyses, we use these z-scores, which 
we henceforth term “pink noise robustness (PNR)” scores, rather 
than raw scaling coefficients, as they provide a more unbiased index 
of the degree of pink noise present in a conversation.

As an additional robustness check to confirm that the observed 
pink noise in these conversations’ semantic similarity trajectories is 
rooted in the original order of turns, not just temporally agnostic 
distributional statistics, we recalculated PNR after shuffling the or-
der of turns in each conversation. This maintains turn structure but 
disrupts the conversational flow by which each turn builds on the 
one(s) before it. As expected in a signal with multiscale organiza-
tion, the original semantic similarity signals had significantly higher 
PNRs than their modified counterparts (paired t test: t = −15.2, P < 
0.001; fig. S3, left).

Overall, we found that the conversations in the CANDOR data-
set demonstrate a tendency toward pink noise en masse but that there 
is also considerable variability in PNRs across conversations. This 
variation is useful because it allows us to test whether the strength of 
the pink noise signal in a conversation predicts positive conversation-
al outcomes. In the following sections, we explore the dyadic nature 
of multiscale organization in conversation and then relate PNR to 
various outcome measures across conversations.
Pink noise reflects dyadic structure beyond individual 
contributions
Attributing multiscale structure to the dyad, rather than to its con-
stituent interlocutors, is inherently difficult. Individuals continuously 
shape and are shaped by their shared interactional context, so indi-
vidual and dyadic contributions cannot be cleanly partitioned. This 
separability problem imposes a scope constraint on our claims: We 
might naively predict that interleaving turns drawn from different con-
versations would result in whiter conversations, but the trajectories 
resulting from this procedure (see Materials and Methods for more 
details) exhibit higher PNRs than either the individual or dyadic signals 
from the conversations from which their turns were drawn (both 
P < 0.001; see Materials and Methods for full model specification). 

However, these high PNR scores do not arise from genuine multi-
scale coordination, but rather as an artifact: Coarse, conversation-
level structure is preserved while turn-to-turn similarity scores are 
compressed toward zero. Interleaving conversations drops the mean 
semantic similarity value per conversation from 0.19 to 0.15 (paired 
t test: t = −41.3, P < 0.001), while the SD decreases from 0.15 to 0.14 
(t = −13.9, P < 0.001). This compression suppresses high-frequency 
fluctuations, thereby inflating relatively low-frequency power (see 
fig. S1 for more details). Since pink noise can be produced degenerately, 
we limit our claims about the dyadic nature of multiscale structure 
specifically to realized dyads, comparing multiscale structure in in-
dividual and dyadic semantic similarity trajectories across multi-
ple manipulations.

Across realized conversations, several independent lines of evi-
dence converge on the dyad as the most relevant unit for analyzing 
multiscale structure in conversation. First, individual-level PNRs 
are significantly lower than their dyadic counterparts (see Supple-
mentary Models details, Model 1.0.1). In other words, when indi-
vidual speakers’ turns are removed from their dyadic context, their 
semantic similarity trajectories shift toward white noise. Second, PNR 
does not behave like a stable individual trait. For speakers who par-
ticipated in multiple conversations, their individual-conversation 
PNRs (PNR scores derived for a single participant’s turns in a con-
versation) were no more similar to their individual PNRs in other 
conversations than to others’ PNRs (Mantel test P = 0.25; fig. S7; see 
the “CANDOR corpus” section in Materials and Methods for full 
details). Third, the multiscale structures of dyadic and individual tra-
jectories respond differently to perturbations of turn-taking structure. 
For all trajectories—both individual and dyadic—we recalculated 
PNR after permuting the location of turn breaks within the conver-
sation. This transformation maintains the original order of words, 
number of turns, and distribution of turn lengths, disrupting only 
the coordinative give-and-take of the conversation. In dyadic con-
versations, this shuffling procedure significantly reduces the PNR of 
the signal (paired t test; t = 13.3, P < 0.001; fig. S3, middle). This 
could be attributable to disruptions in turn-handoff structure, or, 
more parsimoniously, just the rechunking of the embedded seman-
tic units. In the latter case, however, one would expect individuals’ 
semantic similarity trajectories to experience the same decrease in 
PNR after undergoing the same shuffling procedure, which they do 

Fig. 2. Distribution of noise scaling coefficients and PNR scores for the CANDOR corpus. (A) For semantic similarity trajectories of conversations in the CANDOR 
corpus (N = 1656), noise scaling coefficients fell between 0.35 and 0.98, with a mean of 0.62 (SD = 0.08), indicating the presence of pink noise. (The scaling coefficient for 
pure white noise is 0.5, while the scaling coefficient for pure pink noise is 1.0.) (B) For semantic similarity trajectories in the CANDOR corpus, the mean PNR score was 1.43 
(SD = 1.24), indicating that the pink noise present in these conversations generally exceeds that predicted by conversation-level null distributions.

D
ow

nloaded from
 https://w

w
w

.science.org at D
artm

outh C
ollege on N

ovem
ber 09, 2026



O’Nell et al., Sci. Adv. 12, eaeb2684 (2026)     6 November 2026

S c i e n c e  A d v an  c e s  |  R e s e ar  c h  A r t i c l e

4 of 13

not. Individual semantic similarity trajectories exhibit slightly high-
er PNRs after this shuffling procedure (paired t test; t = −4.0, P < 
0.001; fig S3, right).

We interpret this pattern through the framework of interaction 
dominance, under which system-level dynamics cannot be decom-
posed into independent component contributions. So, to further test 
whether dyadic PNR is reducible to individual PNRs beyond the lin-
ear case, we regressed dyadic PNR on a flexible symmetric function 
of the two individual PNRs—symmetric so that both interlocutors 
enter identically—combining the pair’s mean, their squared differ-
ence, an interaction between the two, and a cubic term of the mean 
(see Supplementary Models, Model 1.0.2). This model accounted for 
only 1.4% of the variance in dyadic PNR, indicating that dyadic PNR 
captures temporal structure not captured by its individual counter-
parts. While this is not definitive proof of interaction dominance, it 
more strongly licenses an interpretation of dyadic PNR as a genu-
inely emergent dyadic measure rather than a symmetric recombina-
tion of individual-level pink noise.
Interaction dominance and metastable states in  
dyadic trajectories
Interaction-dominant coordination further predicts metastability: 
flexible switching between states of a system rather than random 
movement between states or permanent stability in a fixed regime. 
We operationalized these states by partitioning each conversation’s 
semantic-similarity trajectory into high- and low-variance segments 
via a median split on local variance (see the “Testing the dyadic nature 
of multiscale organization” section in Materials and Methods). The 
choice of a median split for two regimes is arbitrary, but metastabil-
ity makes a falsifiable prediction: Regimes defined by one statistical 
property should systematically differ in other properties as well. In 
this case, they do: High-variance regimes are also high-mean regimes 
(see Supplementary Models, Model 1.1.1). If pink noise reflects the 
conversational system’s movement between these regimes, then dis-
rupting the temporal organization of the regimes should degrade 
PNR. We altered regime-shifting in two complementary ways (see the 
“Testing whether disrupting interactive properties of conversation re-
duces pink noise” section in the Supplementary Materials; figs. S4 
and S5): moving all instances of a particular state to be concurrent 
(regime-sorted) and interleaving such that the signal moves between 
states more rapidly (regime-interleaved; see fig. S3 for a graphical depic-
tion of this procedure). Both manipulations significantly reduced 
PNR relative to the original trajectories (paired t tests | regime-sorted: 
t = −40.4, P < 0.001; regime-interleaved: t = −15.9, P < 0.001).

Critically, these regimes are dyadically defined rather than inher-
ited from either speaker: Individually derived regimes do not align 
with their dyadic counterparts above chance levels (P = 0.21; see 
Supplementary Models, Model 1.1.2). We additionally tested wheth-
er individual and dyadic variance trajectories were correlated, in case 
the median split method for defining regimes was obscuring over-
lapping state transitions. However, they were weakly anticorrelated 
(P = 0.015; see Supplementary Models, Model 1.1.3).

Together, these results start to converge on an interaction-dominant, 
dyad-centric account of pink noise in semantic similarity. The inter-
pretation remains open, and we do not claim that dyadic structure is 
wholly independent of the individuals who generate it; but across 
multiple, mutually reinforcing tests, the dyad—rather than solely 
the individual—emerges as an appropriate level at which to under-
stand this structure.

Pink noise predicts enjoyment and sense of connection 
during conversation
Having established that movement through semantic space in 
CANDOR conversations demonstrated varying degrees of pink noise, 
we then sought to test whether the strength of these pink noise sig-
nals was associated with positive conversation outcomes. In the 
CANDOR dataset, participants in each conversation answered ex-
tensive pre- and postconversation surveys. We sorted the 205 items 
that elicited numerical responses into six categories: those related to 
(i) enjoyment, (ii) connection, (iii) engagement and memory, (iv) 
demographic information, (v) one’s own personality traits, and (vi) 
one’s perception of their partner’s personality traits.

Using these survey results, we took two approaches to relating 
pink noise to conversation success. First, in a mass univariate ap-
proach, we correlated PNR with each of these 205 variables across 
conversations. After Bonferroni multiple hypothesis correction, seven 
outcome variables were significantly positively correlated with PNR: 
how enjoyable participants found the conversation, how much lon-
ger a participant would have continued talking past the end, how 
much a speaker disclosed, how much a participant believed their 
partner disclosed, a participant’s consistent desire to remain in the 
conversation rather than ending early, how much longer a partici-
pant believed their partner would have liked to keep talking, and 
how long the conversation lasted beyond the required 25 min. With 
a more lenient Benjamini/Hochberg false discovery rate (FDR) mul-
tiple hypothesis correction, the number of outcome variables sig-
nificantly correlated with PNR increased to 44, 22 of which were 
enjoyment related, and 8 of which were connection related (Fig. 3A). 
Both enjoyment- and connection-related variables were vastly over-
represented in the sets that survived multiple hypothesis correction 
(chi-square | Bonferroni version: P < 0.001; FDR version: P < 0.001).

Given that many survey variables were highly collinear with one 
another, especially within categories, we additionally tested whether 
conversation PNR was correlated with a summary measure of each 
category (i.e., score on the first principal component from a principal 
components analysis performed on all variables from that category). 
First principal component scores for enjoyment and connection were 
significantly correlated with PNR after multiple hypothesis correc-
tion (correlation coefficient R = 0.11 and 0.09; corrected P < 0.001 
and 0.002; Fig. 3B, left), while this was not true for the rest of the 
categories (engagement/memory: R = 0.06, corrected P = 0.09; de-
mographics: R = 0.06, corrected P = 0.1; own traits: R = 0.05, cor-
rected P = 0.3; partner’s traits: R = 0.05, corrected P = 0.2).
Controlling for basic conversation properties
These relationships were robust to low-level covariates: Even when 
we add predictor terms for turn duration (mean and SD), turn word 
count (mean and SD), backchannel rate, transcription quality proxy 
measures, and conversation length (turn count and duration in sec-
onds) as competing variables in a linear model, PNR still accounts 
for unique explanatory variance toward enjoyment and connection 
(see Supplementary Models, Models 2.1.1 and 2.1.2).

This pattern of results suggests that a higher conversational PNR 
predicts positive outcomes like enjoyment and connection. However, 
this does not necessarily demonstrate that a multiscale approach out-
performs simpler linear methods. While the nonlinear nature of these 
signals (see the “Testing the nonlinearity of semantic similarity trajec-
tories” section in Supplementary Text for more details) would suggest 
a benefit from multiscale analysis, we performed a series of controls to 
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B

A

Fig. 3. PNR predicts positive conversation outcomes in two corpora. (A) Results from a mass-univariate analysis correlating PNR scores with each of the 205 numerical 
variables in the CANDOR survey across the 1656 conversations in the dataset. Variables are sorted along the x axis by statistical significance (P value), from more significant 
(left) to less significant (right) and colored by question category. After Bonferroni correction for multiple comparisons, seven variables were significantly correlated with 
PNR (dark gray background), and after Benjamini/Hochberg FDR correction, 44 variables were significantly correlated with PNR (light gray background). Enjoyment- and 
connection-related variables were vastly overrepresented in these sets of variables (Bonferroni version: P < 0.001; FDR version: P < 0.001). Note that some of the survey 
variables that did not survive multiple hypothesis correction have higher correlation coefficients than those that did survive correction; this is because different questions 
in the CANDOR survey had different response rates, leading to different degrees of freedom across the correlations. (B) PNR is correlated with the first principal compo-
nent of variables related to enjoyment (top) and connection (middle), but not individual traits (bottom) in CANDOR (left) conversations. The same holds true for enjoy-
ment, though not connection, in the Interracial Friends (right) conversations (N = 97). While each category (enjoyment, connection, and individual traits) is constructed 
from different sets of questions in the CANDOR and Interracial Friends corpora, they capture comparable conceptual dimensions. Correlation statistics in the CANDOR 
subplot are reported as Bonferroni-corrected P values, as we tested PNR against each outcome variable with no a priori hypothesis. The Interracial Friends analyses were 
performed as explicit replications of the CANDOR analyses, so these are not corrected for number of correlations tested. Significance per Pearson correlation is indicated 
as follows: *P < 0.05, **P < 0.01, ***P < 0.001. n.s., not significant.
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test whether a more parsimonious linear account could account for 
the same variance in positive outcome variables.
Controlling for static and simple linear measures of similarity
We tested whether outcomes could be predicted from the average se-
mantic similarity between pairs of adjacent turns across the whole con-
versation (a static measure), the variance in similarity across pairs of 
turns (a close inverse analog of time-locked covariation in semantic 
space: A value of 0 would indicate that speakers kept a constant, rigid 
distance in semantic space between them), and the slope of the similarity 
trajectory over time (simple synchronization, without a role for multi-
scale fluctuation). In multiple regression models predicting conversation 
enjoyment and connection based on these three variables and PNR, all 
but average similarity were significant predictors (see Supplementary 
Models, Models 2.2.1 and 2.2.2). These results suggest that the multiscale 
view afforded by pink noise captures variance in positive conversation 
outcomes not fully accounted for by simpler linear metrics.
Controlling for more complex linear measures
In addition, we tested whether PNR outperformed more complex lin-
ear measures: autoregressive moving average (ARMA) coefficients for 
similarity trajectories, dynamic time warping (DTW) synchrony met-
rics, and information-theoretic coupling (see the “CANDOR corpus” 
section in Materials and Methods for more details). Because these mea-
sures may contain overlapping information, we tested each as a covari-
ate in a separate linear model competing with the original signal’s PNR 
for explanatory power toward enjoyment and connection ratings. In all 
three cases, the original PNR score captured additional unique variance 
toward enjoyment ratings, and for all but the ARMA control, PNR con-
tributed unique variance toward connection ratings (see Supplemen-
tary Models; Models 2.3.2 to 2.3.6). These results suggest that pink 
noise in semantic space provides insights into positive conversational 
outcomes that go beyond those provided by linear approaches.

When we fit a model pitting PNR against the aggregate family of 
more complex linear measures, PNR is no longer a significant predictor 
of enjoyment or connection (see Supplementary Models; Models 2.3.7 
and 2.3.8), indicating that PNR does not explain additional variance 
beyond these other measures. This provides a useful scope check on 
our claims: Our purpose is not to demonstrate that PNR provides 
unique information about a conversation’s semantic similarity struc-
ture beyond any combination of linear measures—rather that multi-
scale structure is associated with positive outcome variables. In the case 
of the aggregate family of alternative predictors, subcomponents of 
PNR are likely captured by other metrics: Fluctuations at a rapid scale 
are represented by the ARMA coefficients, while fluctuations at a glob-
al scale are represented by the DTW similarity measure (see Supple-
mentary Models, Models 2.3.9 and 2.3.10). An advantage of PNR is that 
we capture both scales in one parsimonious measure.
Dyadic pink noise predicts outcomes above individual 
counterparts
Under an interaction-dominant framing of multiscale organization 
in semantic similarity trajectories, one would expect pink noise on 
the dyadic level to contribute more to a prediction of positive out-
come variables than that present in individual turn trajectories. And 
this is, in fact, what we observe (see Supplementary Models, Models 
2.4.1 to 2.4.4).

Replication: Pink noise predicts enjoyment in a different 
conversational context
While the CANDOR corpus is large, it consists only of a specific type 
of conversation: casual small talk between strangers. To test whether 

pink noise robustly predicts positive outcomes across different con-
versational settings, we conducted a conceptual replication in a sepa-
rate conversation dataset with different properties: the Interracial 
Friends corpus (N = 97 conversations). Instead of small talk, interlocu-
tors share formative experiences; instead of strangers, these conversa-
tions occur between friends. As in the CANDOR corpus, participants 
answered postconversation survey questions asking about their experi-
ence of the conversation (i.e., enjoyment and sense of connection), as 
well as more general questions about demographics, traits, and predic-
tions about their future relationships. In the Interracial Friends conver-
sations, PNR still significantly predicted enjoyment (R = 0.22, P = 0.03) 
but was not significantly correlated with connection (R = 0.19, P = 
0.07). The relationship with enjoyment was specific in that PNR did not 
predict a speaker’s individual traits (R = 0.03, P = 0.78; Fig. 3B, right).

Notably, the relationship between positive outcome variables and 
PNR in this corpus is not robust to the inclusion of total turn count 
and conversation duration in seconds as predictor terms in a linear 
model (see Supplementary Models; Models 3.0.1 and 3.0.2). How-
ever, this is likely due to the relationship between enjoyment and 
duration: Participants who were enjoying their conversation contin-
ued speaking beyond the required 10 min. When we instead include 
the mean and SD of turn word counts and temporal duration (in 
addition to a transcription quality proxy measure) as competing 
variables in a linear model, PNR still accounts for unique explana-
tory variance toward enjoyment (see Supplementary Models; Mod-
els 3.0.3 and 3.0.4). This result suggests that pink noise in semantic 
space is a useful framework for understanding positive conversation 
outcomes, especially enjoyment, across different contexts and types 
of conversations.

Pink noise predicts real-world behavioral outcomes during 
speed dates
While surveys are an undeniably useful tool for assaying conversa-
tionalists’ experiences, they are also subject to individual differences 
in scale use, motivational factors, and participants’ perceptions of re-
searchers’ goals. To mitigate these effects, we sought to test whether 
PNR could predict positive conversational outcomes outside of a 
laboratory setting. Unlike many real-world conversations, which 
have only indirect or unmeasurable outcomes, first dates result in a 
binary signal of success: whether the pair pursues a second date. We 
used conversations from a speed-dating podcast to test whether pink 
noise content in semantic similarity trajectories could predict which 
couples would choose to see each other again.

In the Blink Date corpus, pairs (N = 31) engaged in 10-min phone 
conversations prompted by a light-hearted question (e.g., “What is 
your most controversial food opinion?”). After the date, both par-
ticipants privately indicated whether they would like to go on a sec-
ond date with their partner and were considered a match if both 
indicated “yes” or “maybe.” In this dataset, successful dates had PNRs 
significantly greater than 0 (t = 2.2, P = 0.04) while unsuccessful 
dates did not (t = −0.8, P = 0.43; Fig. 4A), and successful dates had 
significantly higher PNRs than those that did not result in matches 
(t = 2.05, P = 0.02; Fig. 4A), even when conversation length, op-
erationalized as duration in seconds and total turn count, is allowed 
to compete for variance (see Supplementary Models, Model 4.0.1). 
These results provide preliminary evidence that how a potential 
couple negotiates semantic space across scales, as indexed by pink 
noise, in their initial conversation predicts partner choice in a nat-
ural setting.
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Pairs’ repeated conversations demonstrate stronger pink 
noise over time
Across various nonsocial domains, like walking gait and time esti-
mation, pink noise signals tend to become stronger with experience. 
Both in the natural course of children’s development and over re-
peated practice trials for adults, these movements toward pink noise 
are hypothesized to reflect healthier coordination dynamics (23). Given 
that PNR is both predictive of positive conversational outcomes and 
not reducible to individual behavior, we theorized that pink noise 
could be a marker of healthy coordination in conversation. In this 
vein, we hypothesized that pairs of interlocutors who engaged in re-
peated conversations with each other would exhibit noise patterns 
that became pinker over time.

We tested this hypothesis in the natural experiment posed by the 
“two dudes talking” genre of podcast. Across 25 podcasts in which two 
hosts have relatively unconstrained conversations (see methods for full 
criteria), conversation PNR increased significantly across the first 

50 episodes (Fig. 5), even when we include turn duration (mean and 
SD), turn word count (mean and SD), conversation length (turn count 
and duration in seconds), and transcription quality proxy measures as 
competing variables in a linear model (see Supplementary Models, 
Model 5.0.1). While this behavior is not sufficient to characterize pink 
noise in semantic similarity dynamics as a hallmark of optimal coordi-
nation, it is consistent with an account of multiscale behavior arising 
from dyadic coordination dynamics that improve with practice.

A LLM produces “good” conversations exhibiting pink noise
Last, we sought to test whether a LLM, Claude Sonnet 3.7 (24), would 
spontaneously produce conversations with higher PNRs when prompt-
ed to generate “good” (versus “bad”) dyadic dialogues. While there are 
many features that a LLM could draw upon in the creation of a “good” 
conversation—particularly interesting topics, or emotional arcs—if a re-
lationship between pink noise and interaction quality exists in the large 
quantity of human-generated text used to train LLMs, we might expect 

Fig. 4. PNR predicts real-world conversation success and is present in a LLM’s representation of “good” conversation. (A) The distribution of PNRs for successful 
(match, N = 19) and unsuccessful (not a match, N = 12) first dates from the Blink Date corpus. Successful dates exhibit stronger pink noise signals than unsuccessful ones. 
Successful dates also exhibit PNRs significantly greater than 0, while those of unsuccessful dates do not. (B) Distributions of PNR scores for conversations generated by 
Claude Sonnet 3.7 when asked to generate high- and low- enjoyment dialogues (N = 50 each). The PNRs of good conversations significantly exceed 0, while those of bad 
conversations do not. In addition, the PNRs of good conversations significantly exceed those of bad conversations. Significance per one-sample t test and two-sided 
independent-samples t test are indicated as follows: *P < 0.05, **P < 0.01, ***P < 0.001.
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to see that relationship mirrored in an LLM’s internal representation of 
conversation “goodness” regardless of the other features at play. First, we 
tested whether Claude could successfully modulate the perceived enjoy-
ability of a conversation by prompting Claude to generate enjoyable ver-
sus unpleasant dialogue scripts between two strangers who meet at a 
coffee shop and asking online participants to rate these conversations on 
a scale of 1 to 5. The conversations generated by asking for enjoyable dia-
logues received an average score of 4.8 (SD = 0.2), while those gener-
ated by asking for unpleasant dialogues received an average score of 2.4 
(SD = 0.6). The distribution-level differences were significant (t = 27.1, 
P < 0.001), confirming that Claude could successfully modulate the per-
ceived enjoyability of a dialogue. Then, we tested our main hypothesis: 
the high-enjoyment conversations had significantly higher PNRs than 
their low-enjoyment counterparts (t = 3.2, P < 0.01; Fig. 4B). We 
additionally found that the high-enjoyment conversations had PNRs 
significantly greater than 0 (t = 5.9, P < 0.001; Fig. 4B) while the low-
enjoyment conversations did not (t = 0.7, P = 0.50; Fig. 4B). This sug-
gests that a system with no explicit training (to our knowledge) around 
the idea that enjoyable interactions are organized in accordance with 
distinct noise signatures has nonetheless picked up on this tendency 
from ingesting large amounts of human-generated text.

DISCUSSION
Good conversation, despite its ubiquity, is notoriously difficult to 
define and characterize. Here, we demonstrate that the semantic 

similarity trajectories of natural conversations carry a nontrivial 
multiscale structure, as indexed by pink noise, that predicts positive 
outcomes like enjoyment and connection. A multiscale perspective 
captures what aggregate and linear approaches cannot: how fluctua-
tions in semantic similarity are organized across a range of conver-
sational scales, not just how similar partners are on average, or how 
steadily they converge. This temporal organization is not reducible 
to the behavior of the individual speakers and carries properties (sen-
sitivity to turn-handoff structure and variance-based regimes) that are 
specific to dyadic interaction. We conceptualize these results through 
the theoretical lens of interaction-dominant coordination and meta-
stability (25–30) and hope that this inspires future work to characterize 
conversation using these frameworks.

Our approach poses a contrast—but not necessarily a contradic-
tion—to classical theories of linguistic entrainment. Past work has 
repeatedly demonstrated that interlocutors tend to converge over the 
course of a conversation across a variety of domains: vocal pitch (31), 
body movements (32), lexical properties (33), concept names (34)—
even perception of one’s own personality traits (35). Further, these 
patterns of convergence, generally termed entrainment, are largely 
associated with better conversation outcomes. Our findings comport 
with this literature: A positive slope for semantic similarity over the 
course of a conversation is indeed predictive of conversation enjoy-
ment and connection. However, our framework differs from entrain-
ment in some key ways and explains additional variance in conversation 
enjoyment beyond single-scale measures of semantic similarity. By 

Fig. 5. Increasing multiscale structure in semantic similarity trajectories over repeated conversations. Linear fits for the relationship between episode number and 
PNR for 25 dyadic conversation podcasts. Consistent with—though not demonstrative of—an account of pink noise representing healthy coordination via multiscale 
organization, speakers trend toward pinker noise as they gain experience conversing with their interlocutor. Significance per linear mixed-effects model of the 
form PNR ∼ episode_number + (1|podcast) is indicated as follows: *P < 0.05, **P < 0.01, ***P < 0.001.
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introducing an adaptive role for moving away from each other in se-
mantic space, multiscale approaches solve entrainment’s asymptote 
problem: What happens when speakers become perfectly synchro-
nized? On a conceptual level, this framework also allows for individual 
idiosyncrasies to play an important role in the emergent behavior of a 
conversational system instead of being attenuated by synchroniza-
tion. We present this contrast not as an argument against entrainment 
but rather as a necessary corollary that embraces the full complexity 
of similarity dynamics in conversation.

The main limitation of this work is that it is observational and 
correlational: We take existing free-form conversations, assay the 
pink noise signal, and use the strength of this signal to predict positive 
conversational outcomes. This approach has an important strength: 
It suggests that nontrivial multiscale organization does emerge in 
natural conversation, and therefore, the predictive power it has to-
ward positive outcomes is not limited to artificial laboratory-based 
conversation. However, if we want to develop a causal account, it 
will be necessary to build experimental tasks in which we manipulate 
the process of temporal organization and coordination. Our longi-
tudinal podcast analysis gives us reason to believe that pink noise 
strengthens with experience but does not shed light on which as-
pects of experience are most important. Is this change dependent on 
conversing with the same interlocutor over time, or could it general-
ize to new conversation partners? Could we scaffold this process by 
explicitly teaching interlocutors about multiscale coordination or by 
providing live prompts when conversations enter a period dominated 
by low- or high-frequency shifts in semantic space? Answering these 
questions will be important for using our findings to improve real-
world conversations. Of particular interest is the development of be-
havioral supports to help scaffold more comfortable conversation for 
people with social deficits, like those on the autism spectrum. In ad-
dition, building an interventional account of healthy coordination 
in conversation would allow for the development of more human-
like artificial conversation agents and could set the stage for techno-
logically mediated conversations about difficult issues, like political 
or racial identity.

Here, we have responded to a widespread call for the acknowledge-
ment of complex interaction dynamics during conversation (26, 27). 
We have demonstrated that multiscale similarity structure, as indexed 
by pink noise, explains variance in interlocutors’ enjoyment and sense 
of connection in conversations beyond that explainable with tradition-
al convergence-based approaches and can predict real-world partner 
choice. We hope that this work will not just provide a new method for 
quantifying conversation but additionally serve as a springboard for 
future work in communications theory and practice that acknowledg-
es the complex dynamic nature of conversation.

MATERIALS AND METHODS
Generating a conversation’s semantic similarity trajectory
All conversations analyzed in this paper first took place in the spoken 
modality and were then transcribed into text by various methods. For 
each conversation transcript, the text was split into turns, defined as 
any words contained in one speaker’s uninterrupted flow of speech 
(Fig. 1A; see Supplementary Text, “Transcription segmentation and 
embedding details” section for a discussion of the choice to segment 
on the level of the turn). Each turn was then passed through MPNet 
(36), a transformer model that analyzes how words relate to and in-
fluence each other within a sentence to capture its overall meaning. 

Specifically, we used all-mpnet-base-v2, a pretrained sentence-level 
version of the model hosted by Hugging Face (37) and instantiated 
with SentenceTransformers (38). MPNet converts each turn into a nu-
merical representation: a vector of 768 numbers that defines that 
turn’s location within a high-dimensional semantic space where simi-
lar meanings cluster together (Fig. 1B, top). The cosine distance was 
then calculated between each turn’s embedding and that of the prior 
turn. For a conversation of length n, this produces a length n − 1 signal 
representing interlocutors’ movements toward and away from each 
other in semantic space (Fig. 1B, bottom). See Supplemental Text, 
“Transcription segmentation and embedding details” section, and 
fig. S2 for results from alternative embedding models.

Identifying pink noise within semantic 
synchrony trajectories
We applied detrended fluctuation analysis (DFA) to each conversa-
tion’s semantic similarity trajectory to determine the signal’s noise 
scaling coefficient (21, 22). Briefly, DFA analyzes how fluctuations in 
a signal scale across different timescales. It works by (i) creating a 
cumulative sum of the time series, (ii) dividing this into segments of 
length n, (iii) detrending each segment by subtracting its linear fit, 
(iv) calculating the root-mean-square fluctuation around zero for 
each segment length n, and (v) examining how these fluctuations 
scale with different values of n. The scaling relationship reveals wheth-
er the signal is dominated by short-range randomness or exhibits 
long-range temporal correlations. Scaling coefficients near 0.5 indi-
cate white noise, coefficients near 1 represent pink noise, and coeffi-
cients near 1.5 represent red noise, or Brownian drift.

To control for systematic biases in scaling coefficients introduced 
by conversation length, we generated a conversation-specific null dis-
tribution of noise scaling coefficients by scrambling each conversa-
tion’s semantic similarity trajectory 1000 times. We then used this 
null distribution to compute a z-score (for each noise scaling coef-
ficient, we subtracted the mean of its null distribution, then divided 
by the SD of the null distribution) for the original noise scaling coef-
ficient, a measure which we call PNR (Fig. 1C).

CANDOR corpus
The CANDOR corpus is a large, open dataset consisting of 1656 video-
chat conversations in English between participants recruited online 
through Prolific (5). Data collection and experimental procedures were 
approved by Ethical & Independent Review Services, protocol no. 
19160-0, and all participants provided informed consent both before 
and after taking part in the study. Participants were instructed to talk as 
if they had just met at a social event, for at least 25 min (mean length, 
31 min; SD, 7.96 min). We used the Cliffhanger-generated transcripts 
provided with the corpus to calculate PNR scores for each conversation 
[(5); see Supplemental Text, “Transcription segmentation and embed-
ding details” section for a discussion of this choice and results from an 
alternative transcription]. As an additional robustness check to confirm 
that the observed pink noise in these conversations’ semantic similarity 
trajectories is rooted in the original order of turns, not just temporally 
agnostic distributional statistics, we recalculated PNR after shuffling the 
order of turns in each conversation.

Testing the dyadic nature of multiscale organization
First, we tested whether PNR was unique to the realized dyad or if it 
could be realized degenerately by generating interleaved pseudoconver-
sations. First, we identified 1551 of the 1655 CANDOR conversations 
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that could be matched with a different conversation by turn count. Then, 
we took the first speaker’s turns from the original conversation and re-
placed the second speaker’s replies with the second speaker’s turns from 
the length-matched conversation. Using this new pseudo-conversation 
transcript, we calculated PNR as before. To determine whether the inter-
leaved conversations had systematically different PNRs from their 
original (or individually derived; described in the next paragraph) 
counterparts, we fit a linear model of form PNR ∼ condition + (1|convo_
idA) + (1|convo_idB), where convo_idA is the conversation ID for the 
original conversation and convo_idB is the conversation ID for the 
length-matched counterpart. For original conversations (i.e., noninter-
leaved ones), both conversation IDs in the random effects slots are the 
same. We additionally compared the mean and SD of semantic similar-
ity values for each conversation to investigate the possible sources of 
high PNR values in interleaved conversations.

Second, we tested whether PNR values derived from an individu-
al’s half of a conversation (i.e., just turns produced by a single speaker) 
would systematically differ from their dyadic counterparts. For each 
conversation, we generated an individual transcript for each partici-
pant, then calculated PNR as usual. We compared the PNRs for in-
dividual versus dyadic conversation transcripts with a linear model 
of the form PNR ∼ condition + (1|convo_id).

Third, we tested whether PNR behaved like a stable individual 
trait. To do this, we isolated the 94 participants who took part in five 
or more conversations (who participated in 1041 conversations to-
tal) and tested whether the dyadic PNR scores belonging to those con-
versations were more similar within-individual than across-individual 
by comparing the pairwise distances in PNRs to pairwise difference 
in identity using a Mantel test. In other words, we created two sym-
metric representational dissimilarity matrices, each with dimensions 
1041 by 1041: one consisting of differences in PNR between each 
possible conversation pair (i.e., conversation A PNR minus conver-
sation B PNR) and one consisting of a model of shared speaker iden-
tity (i.e., a distance of 0 if conversations A and B shared a speaker; a 
distance of 1 if they did not). We then vectorized the upper triangle 
of each matrix and Pearson correlated them. Last, we assessed sig-
nificance nonparametrically by comparing the observed correlation 
coefficient to a null distribution generated by recomputing correla-
tion after shuffling rows and columns of one of the dissimilarity ma-
trices (n = 10,000 iterations).

Fourth, we tested whether individual and dyadic PNRs responded 
similarly to transcript-level disruptions targeting turn-handoff struc-
ture. For all dyadic and individual conversation transcripts, we re-
calculated PNR after permuting the location of turn breaks within 
the conversation. This transformation maintains the original order 
of words, number of turns, and distribution of turn lengths, disrupting 
only the coordinative give-and-take of the conversation. We then 
compared original PNRs to breakpoint-shuffled PNRs for dyadic and 
individual conversations using paired t tests and then compared the 
direction and magnitude of the t statistics.

Fifth, we compared the predictive weight of individual and dy-
adic PNR values in the prediction of enjoyment and connection. We 
conceptualized this in two ways. The first model compares the role 
of dyadic PNR, one’s own PNR, and one’s partner’s PNR on an out-
come: outcome ∼ PNR + PNR_self + PNR_other + (1|convo_id). The 
second recognizes that individual PNRs may affect outcomes in an 
individual-agnostic manner. More plainly, the average of the two 
speakers’ individual PNRs is still a dyad-level measure when it comes 

to predicting individual outcomes. We defined average_individual_
PNR as (PNR_self + PNR_other)/2—leaving the only truly individual 
component as the delta between the individual PNR of the participant 
who generated the outcome rating and their partner’s—for a model 
of form connection_self ∼ PNR + average_indiv_PNR + self_PNR_
minus_other + (1|convo_id).

Just because individual PNR scores cannot outcompete dyadic 
PNR in a linear model does not necessarily mean that dyadic PNR 
could not be reduced to individual PNRs using a more robust, non-
linear equation. To test this, we constructed a symmetric model root-
ed in the mean individual PNR and the squared difference between 
the individual PNRs (supplementary Model 1.0.2). We then found 
the Pearson correlation between real dyadic PNRs and the dyadic 
PNRs predicted by this model.

Metastable systems are characterized by movement between dis-
tinct behavioral regimes, such that the system temporarily stabilizes 
in locally coherent states before transitioning to alternative states. 
Critically, it is not merely the presence of multiple regimes that de-
fines metastability, but the structured temporal organization of tran-
sitions between them. To test whether the observed pink noise reflects 
this regime-switching architecture, we disrupted the temporal arrange-
ment of high- and low-variance states while preserving their overall 
distribution. For each conversation’s semantic similarity trajectory, 
we calculated the variance of the signal over 10-turn sliding windows. 
We then defined two states of the system: one in which the variance is 
above median, another in which the variance is below median (fig. S4, 
A and B). (To be clear, we are not committed to conversation consisting 
solely of two states, high- and low-variance; we simply sought to test 
whether disrupting transitions between plausible states disrupts pink 
noise.) Were these regimes to represent genuinely different states of the 
system, we would expect to see differences in other statistical properties 
beyond variance. So, we tested whether regime-based chunks of seman-
tic similarity trajectories exhibited a relationship between mean and 
variance with a model of the form chunk_mean ∼ chunk_var + chunk_
len + (1|convo_id). Then, to test whether these regime transitions af-
fected pink noise, we disrupted them in two different ways. First, we 
split each state in half and interleaved them with their neighbors 
(fig. S4C). This preserved large chunks of the original semantic similar-
ity signal while disrupting the order of state transitions. As an addition-
al test, we sorted the signal by state such that all high- and low-variance 
chunks were next to each other (fig. S4D). We then calculated the PNRs 
of these disrupted signals and compared them to their intact counter-
parts with paired t tests.

We then checked that these variance-defined regimes were not 
merely inherited from individual speakers. We performed the same 
variance-based partitioning on the individual turn trajectories, aligned 
them to their dyadic counterparts, and calculated the Hamming sim-
ilarity between an individual’s binary state trajectory and its dyadic 
counterpart. To generate a null distribution for each comparison, we 
recalculated Hamming similarity on an exhaustive circle shift. We then 
tested whether the z-scored Hamming similarities exceeded zero 
at a statistically significant level with a linear model of the form 
overlap_z ∼ 1 + (1|convo_id). We included the random effect of con-
versation ID to mitigate potential violations of independence, given 
that each dyadic state trajectory is used twice. In case the median 
split was too coarse a measure to capture overlapping state structure 
between individual and dyadic variance trajectories, we additionally 
calculated Pearson correlation coefficients between each pair. Using 
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the same circle shifted z-scoring technique just described, we tested 
whether the variance correlation z-scores significantly exceeded 0 
with a model of the form variance_correlation_z ∼ 1 + (1|convo_id). 
However, this model did not converge. After confirming that variance 
correlation z-scores were not correlated within conversation id, we 
dropped the random effect of conversation.

Predicting conversation outcomes from PNR scores
Before and after each conversation, participants took extensive sur-
veys about their personalities and experiences. We separated the 205 
survey questions that resulted in numerical responses into six catego-
ries: those relating to (i) conversation enjoyment, (ii) sense of ongoing 
connection, (iii) engagement with and memory for the conversation, 
(iv) demographics and low-level conversation statistics (like the 
participant’s perception of the average turn length and which part-
ner smiled more), (v) how each participant rated their partner on 
various trait batteries, and (vi) how each participant scored on those 
same trait scales themselves.

We ran two sets of analyses to identify relationships between a 
conversation’s PNR and the interlocutors’ survey results. First, we 
correlated a conversation’s PNR with each of the 205 numerical sur-
vey values (Pearson correlation for continuous variables, Spearman 
for Likert-scaled variables) which were averaged between the two 
speakers for a given conversation, meaning that each conversation 
contributed one datapoint to this analysis. We corrected for multiple 
comparisons in two ways: first with a conservative Bonferroni cor-
rection, then with the more lenient Benjamini/Hochberg FDR. After 
finding the sets of variables that survived the two different multiple 
hypothesis correction methods, we tested whether enjoyment- or 
connection-related variables were overrepresented in these sets us-
ing a chi-square test. In addition, we took the first principal component 
of the survey responses within each of our six question categories 
(replacing any missing values with the median value of the variable) 
and correlated them with PNR.

To test whether the relationship between PNR and outcome vari-
ables is robust to the inclusion of low-level conversation statistics, 
we calculated the following covariates: mean and SD of turn lengths 
(in seconds), mean and SD of turn word counts (in words), transcrip-
tion quality proxy, and backchannel rate (only available for CANDOR). 
Transcription quality proxy was calculated by splitting each transcript 
into 100-word chunks, applying aiXplain’s NoRefER model (39) to 
each chunk, and averaging the automatic speech recognition (ASR) 
proxy scores across all chunks. For the CANDOR dataset, we calcu-
lated the backchannel rate by dividing the total number of backchan-
nels (i.e., short verbal interjections such as “uh-huh” or “yeah”) as 
labeled by the Backbiter algorithm; (5) in a conversation divided by 
the total turn count. We then fit linear models to predict outcomes 
from a combination of PNR and basic controls (see Supplementary 
Models; Models 2.1.1 and 2.1.2).

We performed several additional control analyses to confirm 
that PNR could explain variance in conversation outcomes beyond 
that attributable to simpler features of the semantic similarity tra-
jectory. For the enjoyment and connection categories, we modeled 
the first principal component of conversation-level outcome vari-
ables as a linear function of PNR and the mean, slope, and vari-
ance of a given conversation’s semantic similarity trajectory. The 
input variables were all z-scored using either scipy’s zscore func-
tion or the built-in R scale function to generate interpretable effect 

sizes. We additionally tested several more complex linear methods: 
ARMA models, dynamic time warping (DTW), and information 
theoretic coupling. Because these methods likely contained over-
lapping information and information that tiled the multiple scales 
that PNR assays, we tested each of them against PNR separately. For the 
ARMA modeling, we fit an ARMA (1,1) model to the semantic similar-
ity trajectory of each conversation, saved the AR and MA coefficients, 
and then fit a linear model of the form outcome ∼ PNR + AR + MA. 
Next, we took each conversation, split the turns based on speaker, em-
bedded each speaker’s turns into MPNet space, and calculated the 
DTW similarity score between the two embedding trajectories with 
tslearn’s DTW implementation (40) and fit a linear model of the form 
outcome ∼ PNR + DTW. Last, we calculated latent mutual information 
(LMI) between speakers’ turn embeddings using the latentmi Python 
package. We used LMI because the embedding dimensions were 
too high to calculate mutual information directly. To test whether PNR 
had explanatory power beyond mutual information, we fit a linear 
model of the form outcome ∼ PNR + LMI. We additionally tested 
whether PNR could explain unique variance beyond the aggregate 
family of these alternative linear methods with models of the form 
outcome ∼ PNR + AR + MA + DTW + LMI. To break down what scales 
of information were captured by these different linear alternatives, 
we additionally calculated the lag-1 autocorrelation function (ACF) 
and pitted it against ARMA and DTW separately: outcome ∼ PNR + 
AR + MA + lag1_ACF and outcome ∼ PNR + DTW + lag1_ACF.

Interracial Friends corpus
The Interracial Friends corpus consists of 97 video-chat conversations 
between Black and non-Black friends recruited on college campuses 
who spoke for around 20 min (mean length, 18.0 min; SD, 9.3 min) 
about a formative experience that the Black friend shared at the be-
ginning of the conversation. Data collection and experimental pro-
cedures were approved by Stanford IRB protocol no. 41090, and all 
participants provided informed consent before taking part in the study. 
All conversations were transcribed by professionals hired through 
Scribie. These participants also answered a battery of pre- and postcon-
versation surveys from which we identified three sets of questions that 
captured conversational enjoyment, sense of connection, and individ-
ual participant traits. We correlated the first principal component of 
each of these categories with PNR across conversations.

Speed dating corpus
The speed dating corpus consists of episodes from a speed-dating podcast 
called Blink Date (https://feeds.acast.com/public/shows/date-in-a-blink). 
After excluding conversations with fewer than 20 turns, the Blink Date 
corpus consists of 31 10-min-long audio-only phone conversations be-
tween two strangers. All but one of these conversations was transcribed 
by the podcast hosts, and the final transcript was produced using Whis-
perX (41) and diarized with NeMo (42). If at the end of the conversation 
both parties said “yes” or “maybe” to a second date, it was considered a 
match. We tested whether conversations that resulted in matches had 
higher average PNR values than those that did not result in matches with 
a one-tailed t test, followed by a one-sided linear mixed-effects model 
including conversation length in minutes and turn count.

Longitudinal conversation corpus
The longitudinal conversation corpus consists of repeated conversations 
between a set of 25 dyads collected from podcasts. To be included in 
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this corpus, a podcast had to meet a predetermined set of criteria 
regarding access, length, structure, quality, amateurism, and famil-
iarity. Specifically, each podcast had to be accessible via a public RSS 
feed, consist of at least 50 episodes, have an average episode length 
of over 30 min, consist primarily of free-flowing conversations be-
tween two hosts (occasional guest episodes were acceptable, but for-
mats in which hosts read text from social media posts or separated 
their conversations into strict segments were not), have no or mini-
mal interruptions from advertisements, have positive reviews when 
available, be recorded by amateurs (which we defined as anyone 
who did not primarily make their living from podcasting, hosting 
radio, or acting at the time of starting their podcast) who do not 
otherwise speak to each other every day (e.g., married couples). Af-
ter finding 25 podcasts that fit these criteria, we removed guest epi-
sodes, live episodes, and sponsored episodes (e.g., some podcasts 
allow paid subscribers to request specific topics). This left 1032 us-
able conversations which were then transcribed with WhisperX and 
diarized with NeMo (42). Last, we modeled conversation PNR as a 
linear function of episode number, with a random effect of podcast 
and a host of low-level covariates: duration in seconds, turn count, 
mean turn wordcount, SD of turn wordcounts, mean turn duration, 
SD of turn durations, and a proxy for automated transcription qual-
ity (ASR proxy).

LLM generated conversations
We asked an LLM, Claude 3.7 Sonnet (24), to write 50 high- and 
50 low-enjoyment dialogues between strangers who have just met at 
a coffee shop, each with 100 turns. These conversations were gener-
ated using the following prompt:

<system>Hi Claude! I’m running an experiment where I want 
to test the intuitions that you’ve developed by reading tons of human-
generated text about what makes a conversation between two peo-
ple feel like they’re building a connection and enjoying each other’s 
company — essentially what makes a conversation good. However, 
I don’t want you to explicitly tell me about your intuitions, I want 
you to write me some example good and bad conversations! Please 
write conversations that sound as natural and realistic as possible 
within the provided constraints. As a note, I’ve noticed that you have 
a tendency to mirror my writing style — please don’t do that here! 
Again, the purpose is to test the intuitions and representations that 
you’ve developed by reading lots of other people’s text. </system>

<instructions>
<item> I’m going to ask you to write 100 conversation scripts, 

50 good conversations and 50 bad conversations.</item>
<item> Each conversation will take place between two strangers 

who have just met at a coffee shop.</item>
<item> These conversations should all be distinct from each other: 

do not repeat phrasing or structure, and the topics should be diverse. 
<thinking> Take a minute to think about 50 uniquely good conversa-
tions between strangers, and 50 uniquely bad conversations between 
strangers. Be creative!</thinking></item>

<item> Each conversation will consist of 100 turns, consisting 
of 50 back-and-forths labeled A1, B1, A2, B2 ... etc. until A50 and 
B50. </item>

<item> Do not add any additional speakers: these conversations 
are strictly between two people. </item>

<item> Do not use action tags describing what each person is 
doing. </item>

<item> Make sure that each turn contains at least one word of 
reply - no silences. </item>

<item> Save each of these conversation scripts as its own mark-
down artifact with a title that indicates condition (good or bad). 
When creating the markdown filenames, please add “no-specified-
length” somewhere in the title.

</instructions>
<thinking> Please think about these and ask clarifying questions 

about anything you need! </thinking>
To confirm that third-party human readers agreed with Claude’s 

assessment of conversations’ enjoyability, we asked at least five online 
participants recruited with Prolific to read each conversation and rate 
how enjoyable the dialogue was on a scale of 1 to 5. Data collection 
and experimental procedures were approved by the Committee for the 
Protection of Human Subjects at Dartmouth College under Protocol 
no. 00032009, and all participants provided informed consent before 
taking part in the study. After confirming that human raters agreed 
with Claude’s assessment, we compared the PNRs of the high- and 
low-enjoyment conversations with an independent-samples t test.
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