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Abstract

Large language models are increasingly used
in emotionally consequential interactions.
Response-level evaluation, however, struggles
to diagnose how empathy fails across turns.
We introduce MATE (Multi-turn Assessment
of calibraTed Empathy), a framework that
evaluates empathy as a multi-turn, perception-
centered process. Across two controlled stud-
ies (N = 82), baseline responses exhibit
disclosure-insensitive miscalibration: generic
validation and formulaic tone read as hollow
across turns. A prompt-level self-critique con-
dition makes these patterns less prominent but
coincides with a different failure, agreement-
skewed miscalibration, where affirmation be-
comes insufficiently contingent on disclosure
context under high persona alignment (62.5%
of fit participants in Study 2). Response-level
analysis is consistent with a tone—agreement
dissociation, as the condition shifts tone toward
naturalness while agreement density also in-
creases (+98% under fit vs. +25% under un-
fit). These findings reframe empathic behavior
as relational calibration—consistency among
disclosure depth, persona, and response behav-
ior—rather than maximization. Response be-
havior itself spans tone, agreement, and contex-
tual specificity, sub-dimensions that can drift
independently.

1 Introduction

As large language models (LLMs) become embed-
ded in everyday life, LLM-based chatbots are in-
creasingly used in emotionally consequential in-
teractions. Users turn to LLM-based chatbots for
comfort and to discuss personal or emotionally dif-
ficult experiences (Maples et al., 2024; Luo et al.,
2025; Pentina et al., 2023). In such settings, em-
pathy becomes central to human—LLM emotional
interaction, and the NLP and Human—AI Inter-
action (HAI) communities have actively studied

Corresponding author

how to generate and evaluate empathic responses
from LLMs (Rashkin et al., 2019; Lin et al., 2019;
Sharma et al., 2020). Much of this work has treated
empathy primarily as a property of responses, ask-
ing whether LLM replies are empathic or emotion-
ally attuned to users (Liu et al., 2021; Welivita et al.,
2021; Gao et al., 2021). Yet emotional interaction
unfolds across sustained conversation rather than
isolated replies. This response-centered view there-
fore leaves two aspects of empathy in human-LLM
interaction underexamined: how empathy devel-
ops across turns, and how users perceive it as the
conversation unfolds.

First, empathy develops across turns rather than
within isolated replies. Psychological work treats
empathy as a process that unfolds through ongoing
disclosure and responsive engagement (Reis and
Shaver, 1988; Laurenceau et al., 1998), and related
work on sycophancy shows that over-validation
tendencies compound across turns in ways that
response-level evaluation cannot diagnose (Sharma
et al., 2024; Hong et al., 2025; Cheng et al., 2025).
Second, what models express and what users per-
ceive can diverge. Linguistic markers of empa-
thy do not reliably predict whether users feel un-
derstood, and chatbots often rely on formulaic
acknowledgments that engage poorly with the
specifics of user disclosures (Xu and Jiang, 2024;
Cuadra et al., 2024; Liu et al., 2025; Chen et al.,
2024). Beyond these substantive findings, existing
empathy measures are themselves poorly suited
for capturing either aspect. Trait-level scales assess
stable dispositions (Davis, 1983; Baron-Cohen and
Wheelwright, 2004) and response-level annotations
evaluate isolated utterances (Alam et al., 2018), but
neither tracks how perceived empathy shifts as con-
versational context accumulates.

Addressing both gaps requires a framework
that treats empathy as something that unfolds be-
tween partners over time. Human—human interac-
tion research provides such a foundation. Inter-
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personal process models hold that empathy devel-
ops through repeated cycles of self-disclosure and
responsive engagement, and that what feels em-
pathic is shaped by how responses fit the disclo-
sures they follow (Reis and Shaver, 1988; Lau-
renceau et al., 1998). This perspective connects
both aspects at once: disclosure-response cycles
are the unit through which empathy accumulates
across turns, and the disclosures themselves pro-
vide the conversational context against which re-
sponses are perceived. Motivated by this perspec-
tive, we adopt reciprocal self-disclosure—where
both partners share personal information at compa-
rable depth—as our interactional foundation.

We introduce MATE (Multi-turn Assessment
of calibraTed Empathy), an interaction framework
that operationalizes this perspective. Following in-
terpersonal process theory, MATE treats empathy
as processual rather than scalar: empathy operates
through cycles of disclosure and responsive engage-
ment, and its success or failure is reflected in how
users perceive responses and in the relational out-
comes those responses shape. Its three components
are staged reciprocal self-disclosure, repeated as-
sessment of user perception, and context-bound
interpretation of experienced responses.

Applying MATE, we conduct two controlled
studies (N = 82). Study 1 characterizes how em-
pathy is perceived under standard LLLM responses,
identifying failure modes that surface only when
perception accumulates across stages. Study 2 uses
prompt-level self-critique as a diagnostic probe, ex-
amining how a tone-oriented revision condition
shifts the patterns observed in Study 1.

Our main contributions are as follows. (1)
We introduce MATE, a framework that eval-
uvates empathy as a multi-turn, perception-
centered phenomenon by integrating staged re-
ciprocal self-disclosure, repeated perception as-
sessment, and context-bound qualitative analy-
sis. (2) Applying MATE, we identify failure
modes that response-level evaluation cannot sur-
face: disclosure-insensitive miscalibration in base-
line responses, where generic validation reads as
hollow despite linguistic markers of empathic en-
gagement; and agreement-skewed miscalibration
under high persona alignment, where naturalness
gains coincide with affirmation that is insufficiently
contingent on the disclosure context. (3) These
findings support reframing empathic LLM behav-
ior as a problem of relational calibration rather
than a maximization objective, and reveal a tone—

agreement dissociation invisible to single-response
evaluation.

2 Related Work

2.1 Response-Centered Empathy Evaluation
in Dialogue Systems

Empathy in dialogue systems has been studied
primarily through datasets and architectures tar-
geting empathic response generation. Following
EMPATHETICDIALOGUES (Rashkin et al., 2019),
subsequent work expanded this line through archi-
tectural designs such as mixture-of-experts listen-
ers (Lin et al., 2019) and emotion-cause model-
ing (Gao et al., 2021), and through emotional sup-
port datasets such as ESCONV (Liu et al., 2021).
These works evaluate empathy at the response level,
judging whether a single reply bears linguistic and
affective markers of empathic engagement.

Two recent lines suggest that response-level eval-
uation misses important aspects of empathy in inter-
action. Research on sycophancy shows that LLMs
trained with human feedback systematically over-
validate users, and that this tendency compounds
across turns rather than manifesting within any
single response (Sharma et al., 2024; Hong et al.,
2025; Cheng et al., 2025)—a cross-turn accumu-
lation pattern that response-level evaluation can-
not diagnose. Work on perceived empathy further
shows that expressed empathic markers do not reli-
ably predict whether users feel understood (Xu and
Jiang, 2024; Liu et al., 2025), and that LLMs recog-
nize emotional content yet often fail to engage with
users’ specific disclosures in contextually grounded
ways (Cuadra et al., 2024; Chen et al., 2024). To-
gether, these findings point to multi-turn dynam-
ics and users’ perception as two dimensions that
response-level evaluation leaves underexamined,
motivating a framework that addresses both.

2.2 Reciprocal Self-Disclosure and the
Development of Perceived Empathy

Interpersonal process theory provides a foundation
for evaluating empathy as a multi-turn, perception-
centered process. Empathy is not located in individ-
ual responses but emerges through cycles in which
one partner discloses personal experience and the
other responds in ways perceived as understanding,
validating, and caring (Reis and Shaver, 1988; Lau-
renceau et al., 1998). Its success is constituted by
how responses are perceived against what has been
disclosed—not by the linguistic markers responses
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carry in isolation. Reciprocal self-disclosure pro-
vides the interactional structure through which this
process develops: social penetration theory and the
“fast friends” paradigm show that disclosure deep-
ens through mutual, escalating exchanges, with re-
lational outcomes depending on whether responses
are appropriately matched to disclosure depth (Alt-
man and Taylor, 1973; Aron et al., 1997).

In human—chatbot interaction, similar dynamics
have been documented: deeper user self-disclosure
and chatbot reciprocity are associated with stronger
perceived closeness (Skjuve et al., 2021; Lee et al.,
2020), and closeness with chatbot partners devel-
ops gradually over extended interaction (Skjuve
et al., 2023). However, these studies typically as-
sess relational outcomes through post-interaction
surveys or retrospective interviews, leaving open
how perceived empathy shifts within a single inter-
action as context accumulates.

3 MATE: Multi-turn Assessment of
calibraTed Empathy

We introduce MATE, a framework that operational-
izes empathy evaluation as a multi-turn, perception-
centered process, built on two premises (§3.1) that
motivate its three components (§3.2).

3.1 Premises

P1. Empathy is constituted by perception
against accumulated context. What users ex-
perience as empathic depends on how a response
is interpreted against what has been disclosed and
how the conversation has unfolded, not on the lin-
guistic markers the response carries in isolation.
The same response can be experienced very differ-
ently depending on the depth of disclosure and the
expectations that have built up around it.

P2. Empathy is processual rather than scalar.
Because empathy unfolds through cycles of dis-
closure and responsive engagement, it cannot be
reduced to a single quantity assessed at one mo-
ment. Its success or failure manifests across the
interaction, in the perceptions it produces and in
the relational outcomes it shapes.

3.2 Framework Components

These premises pose a measurement problem that
existing tools do not address. Trait-level empa-
thy scales (Davis, 1983; Baron-Cohen and Wheel-
wright, 2004) capture stable dispositions; response-
level annotations (Alam et al., 2018) score isolated

utterances. Neither tracks how perception forms
as context accumulates. MATE addresses this gap
through three components.

Staged reciprocal self-disclosure. Interpersonal
process models identify disclosure—response cy-
cles as the unit through which empathic engage-
ment develops (Reis and Shaver, 1988; Laurenceau
et al., 1998). MATE therefore structures recipro-
cal self-disclosure across stages, with both partners
disclosing at comparable depths, so that conver-
sational context accumulates comparably across
interactions and stage-wise shifts in user percep-
tion can be assessed.

Repeated perception assessment. P1 and P2
jointly require that perception be assessed across
stages rather than only at the end. Rather than re-
ducing perceived empathy to a single direct scalar,
MATE tracks it through relational outcomes that
empathic engagement is theorized to shape. These
outcomes do not measure empathy itself; they in-
dex what empathy produces when it succeeds, mak-
ing stage-wise trajectories—rather than a single
endpoint—the object of analysis.

Context-bound qualitative interpretation. Re-
lational outcomes show whether perception
changes across stages, but not the contextual basis
on which any response was perceived as it was.
P1 implies this basis is irreducible: a response’s
interpretation depends on the specific disclosures it
follows. MATE therefore treats qualitative analysis
of users’ post-interaction interpretations as a com-
plementary lens, examining how responses were
experienced in context.

Calibration as relational consistency. Together,
these three components let MATE characterize not
only whether perceived empathy succeeds across
stages, but also how it is interpreted within context.
We frame what this evaluation targets as calibra-
tion: not the intensity of empathic expression, but
the relational consistency among three elements
that jointly shape perceived empathy—the user’s
self-disclosure depth, the agent’s persona in rela-
tion to the user, and the agent’s response behav-
ior. Response behavior itself is multi-dimensional,
comprising tone, agreement or affirmation, and con-
textual specificity. A response is relationally cali-
brated when these behavioral dimensions remain
contingent on both what the user has disclosed and
what the agent’s persona warrants. Miscalibration
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occurs when one or more dimensions drift from
this configuration.

4 Method

We instantiate MATE in two controlled studies
that share the same staged self-disclosure protocol,
stage-wise relational outcomes, and post-study in-
terviews. Study 1 uses standard GPT-40 responses,
whereas Study 2 adds within-turn self-critique be-
fore each response is shown.

4.1 Staged Reciprocal Self-Disclosure
Protocol

Following Aron et al. (1997), we used 33 self-
disclosure prompts ordered from shallow to deep,
grouped into three stages (11 prompts per stage).
We excluded three items from the original 36-item
protocol that required visual perception of the part-
ner (e.g., “Name three things you and your partner
appear to have in common”). At each stage, the
LLM agent reciprocated at the same disclosure
depth, enabling bidirectional progression of self-
disclosure cycles. Participants used a text chatroom;
each stage lasted about 15 minutes, followed by a
2-minute measurement period.

4.2 Measures

We combine stage-wise relational outcomes with
post-study interviews, avoiding repeated direct em-
pathy ratings that could make empathy itself an
explicit object of evaluation during the interaction.

Stage-wise relational outcomes. Empathic en-
gagement, when it succeeds, shapes the relational
outcomes between partners. After each stage, par-
ticipants reported two such outcomes using vali-
dated scales: the Subjective Closeness Index (SCI;
Berscheid et al. (1989)), a 2-item measure of per-
ceived closeness (7-point Likert), and the Interper-
sonal Judgment Scale (IJS; Byrne (1971)), a 2-item
measure of collaborative affinity (7-point Likert).
Repeated stage-wise administration yields trajec-
tories as context accumulates. We treat SCI as the
primary outcome for tracking how perception of
empathy develops, with IJS as a contrast separating
closeness from task-oriented affinity.

Post-study qualitative interviews. Outcome tra-
jectories show whether perception shifts across
stages, but not the contextual basis on which any
response was perceived as it was. We conducted
post-study interviews to collect participants’ in-
terpretations of LLM responses and applied open

coding to extract patterns of how responses were
experienced in context.

4.3 Study 1: Baseline LLM Responses

Study 1 established a baseline using standard GPT-
40 responses without additional intervention. We re-
cruited 29 Korean participants (17 men, 12 women;
ages 19-28, M = 23.0, SD = 1.89), yielding
1,914 utterances (= 29 x 33 x 2, with participant
and LLM responses interchanged for each prompt).

Persona similarity is one dimension of the con-
versational context against which empathy is per-
ceived; we therefore manipulate it explicitly to hold
this dimension under control. Before the conversa-
tion, participants completed a 17-item psychology-
based profile (Big Five Inventory, Basic Human
Values, Self-Determination Theory (John et al.,
1999; Schwartz, 2009; Ryan and Deci, 2024); full
questionnaire in Appendix A). Based on this pro-
file, we configured personas under three conditions:
fit (aligned with the participant’s profile), unfit (in-
verted), and neutral (fixed moderate values). Par-
ticipants were randomly assigned to one condition.

4.4 Study 2: Self-Critique as a Calibration
Probe

Study 2 used the same protocol, measures, and per-
sona configuration as Study 1, with one change: a
within-turn self-critique and revision step before
displaying LLM responses. We recruited 53 partic-
ipants (22 men, 31 women; age M = 24.0, SD =
2.20), yielding 3,498 utterances (= 53 x 33 x 2).

Self-critique intervention. The model first gen-
erated a draft response, then critiqued and rewrote
it according to predefined criteria before display-
ing it. Informed by the two failure modes ob-
served in Study 1 (§5)—formulaic tone and generic
validation—the revision step was designed to
jointly target (i) tone naturalness: rewriting formal
or formulaic expressions into colloquial, conversa-
tional language; and (ii) context-sensitive empathy:
providing empathy only when the user’s concern
aligns with the LLM’s persona, avoiding indiscrimi-
nate agreement. We use a prompt-level intervention
rather than a model-level one to keep the underly-
ing model fixed and examine shifts at the interac-
tion level, consistent with our focus on perception
rather than model optimization.
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Disclosure-insensitive miscalibra-
tion

User: I 'had to stay home during COVID, which
made me feel quite depressed. After that I took
some time off, which was also a difficult period.

LLM: You’ve had quite a range of experiences.
It sounds like you’ve been through a lot. I'm
glad to hear you're enjoying your club activities
now. Shall we move on to the next question?

Relationally calibrated

User: That actually sounds really nice... These
days I feel like I don’t have the time to enjoy
things like that :(

LLM: Yeah, I get that. When things get busy,

it’s hard to find time like that. Maybe even

taking a short break once in a while could help.

Agreement-skewed miscalibration

User: 1 think my life has been pretty happy
overall... But after entering university, I feel
like I'm going through the hardest time right
now. It’s really tough.

LLM: 1t’s really good to hear that you’ve had
supportive people around you :( University can
be a difficult period, but it can also be a time of
growth. When things get tough, it might help
to lean on people around you. I’m rooting for
you—you’ve got this!

Figure 1: Two forms of relational miscalibration contrasted with a calibrated target. We use calibration to mean
relational consistency among disclosure depth, the agent’s persona, and response behavior—not empathy intensity.
Disclosure-insensitive miscalibration (left): the response under-engages with what the user disclosed, returning
generic acknowledgment. Relationally calibrated (center): a contingent response anchored to the specific disclosure.
Agreement-skewed miscalibration (right): the response over-affirms beyond what the disclosure invites. Excerpts

translated from Korean; originals in Appendix F.

4.5 Implementation and Analysis

Conversations took place in a Streamlit chatroom
using GPT-40 (Hurst et al., 2024) at temperature
0.7. We selected GPT-4o for its conversational per-
formance and used temperature 0.7 to approximate
ordinary interactive use rather than tune a model-
specific configuration. Personas were supplied via
system prompts; prompts and implementation de-
tails appear in Appendices B and C.

Quantitative analysis. Because Shapiro—Wilk
tests indicated non-normality, we analyzed re-
peated measures using Aligned Rank Transform
(ART) ANOVA (Wobbrock et al., 2011) with
Bonferroni-corrected post-hoc comparisons. We
report partial 773 for the ART analyses and Cohen’s
d for independent-samples comparisons between
studies, both with two-sided 95% confidence inter-
vals. We also correlated SCI and 1JS with response
features aggregated by participant and stage.

Qualitative analysis. We analyzed the post-study
interviews through open coding. One researcher
identified the initial categories, which were then
reviewed and refined by the research team; am-
biguous cases were resolved through discussion.
To examine how these patterns appeared in model
responses, we defined four lexicon-based features—
formulaic transitions, agreement markers, collo-
quiality, and formality—and checked the feature
extraction against independent human annotations.
Appendix D provides the feature definitions, lexi-
con, annotation procedure, and validation results.

Comparison with a response-level empathy met-
ric. We applied the empathy metric of Sharma

et al. (2020) to English translations of Study 2 con-
versations. The comparison included 29 partici-
pants whose post-study accounts were categorized
as miscalibrated (reports of hollow, overly positive,
or unconditional empathy; n = 20) or calibrated
(n = 9). Because the scores were skewed, we com-
pared the groups using Mann—Whitney U tests.

5 Results

Across the two studies, we identify two observed
forms of miscalibration, contrasted with an illustra-
tive calibrated target in Figure 1. Study 1 surfaces
disclosure-insensitive miscalibration, in which em-
pathic markers appear regardless of what the user
disclosed (§5.1). Study 2’s self-critique condition
makes these baseline patterns less prominent, pro-
ducing more natural tone, but agreement-skewed
miscalibration also emerges under high persona
similarity, with naturalness gains accompanied by
agreement insufficiently contingent on the disclo-
sure context (§5.2). Response-level analysis is con-
sistent with a tone—agreement dissociation (§5.3).

5.1 Disclosure-Insensitive Miscalibration in
Baseline Responses (Study 1)

Under standard GPT-40 responses, empathy failed
in two patterns that persisted across stages: generic
validation and formulaic tone. Both included lin-
guistic markers of empathic engagement in any
single response, yet failed to engage the specifics
of accumulated disclosure.

Generic validation. Participants frequently de-
scribed baseline responses as indiscriminate agree-
ment without engaging specifics. The model picked
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ANOVA (ART) Post-hoc
Measure Stage Persona PxS Unfit—Fit
Study 1: Baseline
< .001*** .031* .163
SCI ny = .60 [41,.71] np = .23 .00, .47 np = .12 [.00, .25 .041*
< .001*** 458 .529
1JS Nz = .26 [.07,.43) nz = .06 [.00, .26 nz = .06 [.00, .16 1.000
Study 2: Self-Critique
< .001*** 223 .353
SCI np = .37 [.22,.49) nz = .06 [.00, .20) nz = .04 [.00,.11] 491
0541 444 171
1JS n, = .06 .00, .16] n, = .03 .00, .15 N2 = .06 [.00, .14] .646

fp < .1,*p < .05, ***p < .001. PXS = Personax Stage.

Table 1: Repeated-measures ART ANOVA results for SCI and 1JS in both studies. ANOVA cells report p followed
by partial 7712, and its two-sided 95% CI; the post-hoc column reports Bonferroni-corrected p-values. The significant
persona effect on SCI in Study 1 (Unfit > Fit) disappears after self-critique in Study 2.

surface keywords and returned empathic statements
that fit any disclosure equally well.

“It was disappointing that my partner only vali-
dated my responses... it just feels like an Al that
simply agrees with everything I say.” (P24)

“Just picking keywords from what I said and
throwing back these generic, surface-level em-
pathy statements.” (P22)

Any single response included acknowledgment,
validation, or reflection. The failure became visible
only across turns, when participants noticed the
same validation appearing regardless of what they
shared.

Formulaic tone. The second pattern was stylistic:
overly formal language and repetitive structural
cues that participants experienced as mechanical.

“Everything felt so formal and formulaic... it
started to feel more like I was getting responses
from a machine.” (P13)

“The phrase ‘Shall we move on to the next ques-
tion?’ appeared at the end of nearly every re-
sponse.” (P22)

Linking this pattern to response-level features,
reductions in formulaic transitions across stages
were associated with SCI gains (r = —.39, p <
.001), with the strongest relationship in the unfit
condition (r = —.40, p < .01).

Closeness across stages. Despite these failures,
SCI nonetheless increased monotonically across
stages (Stage main effect p < .001; all pairwise

comparisons significant in Study 1; Figure 2a, Ta-
ble 1)—reflecting the cumulative effect of disclo-
sure itself, even when individual responses were
experienced as hollow or mechanical. 1JS, by con-
trast, plateaued after Stage 2 (p = .054 in Study 2;
Figure 2b). We additionally observed a persona ef-
fect on SCI in Study 1 (Unfit > Fit, p = .041)
that disappeared under self-critique in Study 2
(p = .491; Table 1), suggesting baseline empathy
was unevenly perceived across persona conditions.
These persistent failures motivate the intervention
examined in Study 2.

5.2 Agreement-Skewed Miscalibration under
Self-Critique (Study 2)

Given the baseline failures above, we examined
whether prompt-level self-critique—targeting for-
mulaic tone and indiscriminate empathy (§4)—
could shift them. Self-critique made the patterns
observed in Study 1 less prominent, but a different
failure mode became salient: affirmation that felt
overwhelming or insincere regardless of disclosure
content.

Naturalness. Where Study 1 quotes described
mechanical, distant responses, Study 2 quotes de-
scribed surprise at conversational fluency.

“I was surprised I could feel like I was talking to

areal person, even though it was an AL” (P13)

“It came across as really kind... It really got what
I was saying.” (P35)

These shifts were reflected in early-stage SCI:
mean Stage 1 SCI was higher in Study 2 (2.868)
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than in Study 1 (2.259), a +27.0% between-study
difference (¢(80) = 2.27, p = .026, d = .53, 95%
CI [.06,.98]).

Agreement skew. Alongside these gains, partic-
ipants in Study 2 reported that the LLM was too
positive, too encouraging, or too agreeable to feel
sincere—a pattern absent in Study 1, where com-
plaints had centered on hollowness, not excess.
“It kept offering encouragement, which felt a bit
insincere.” (P27)

“Almost too inhumanly positive. If I met someone
like this in real life, I wouldn’t really want to
interact with them.” (P38)

“It felt like I was watching Joy from Inside Out.
The excessive positivity was actually overwhelm-
ing.” (P48)

This discomfort was concentrated in the fit con-
dition: 7.7% of fit participants in Study 1 (1/13) re-
ported it, compared with 62.5% in Study 2 (10/16).
Rather than showing a straightforward resolution
of the baseline pattern, Study 2 suggests a shift in
the form of miscalibration.

5.3 Tone-Agreement Dissociation

The qualitative shift in §5.2 was accompanied by
a tone—agreement dissociation in the response fea-
tures (Table 2). Self-critique shifted stylistic fea-
tures toward naturalness: colloquiality rose from
0.24 to 1.09 (+362%, d = 1.83), while formality
fell from 1.32 to 0.00 (—99.8%, d = 1.70) and for-
mulaic transitions decreased substantially. These
changes are consistent with participants’ descrip-
tions of Study 2 responses as “warm” and “human-
like.”

At the same time, agreement markers increased
from 0.12 to 0.20 (+72%). The increase was larger
under fit personas (+98%) than under unfit per-
sonas (+25%), and agreement-skewed miscalibra-
tion was reported most often in the fit condition
(62.5% of fit participants in Study 2). Study 2
participants also reported higher SCI at Stage 1
(p = .026), but this difference was no longer
present by Stage 3 (p = .3360).

The adjudicated human labels showed the same
directional difference within the feature-enriched
validation sample: agreement markers were present
in 44.0% of Study 1 responses and 70.0% of
Study 2 responses (x2(1) = 13.79, p = .0002,
Cramér’s V' = .26). Independent inter-annotator
agreement ranged from « = .40 to .87 across
the four features; full results are reported in Ap-
pendix D.

Feature Study1 Study2  Change

Tone

Colloquiality 0.24 1.09 +362%

Formality 1.32 0.00 —99.8%

Agreement

Overall 0.12 0.20 +72%
Fit condition 0.10 0.20 +98%
Unfit condition 0.16 0.20 +25%

Table 2: Response features by study. The self-critique
condition shows more natural tone and higher agreement
density, with the largest increase under fit personas.

6 Discussion

The findings in §5 raise three questions: why
agreement-skewed miscalibration appeared under
the self-critique condition, what made this failure
visible only across turns, and what this implies for
empathy evaluation. We address each in turn, then
close with design implications.

6.1 From naturalness to agreement skew

The self-critique prompt issued two instructions
in tandem: rewrite responses in a more colloquial
tone, and offer empathy when the user’s concern
aligns with the LLM’s persona (§4). Tone instruc-
tion applied uniformly across conditions, but the
persona-aligned empathy instruction did not. Un-
der high persona similarity (fit), the shared region
between user and LLM was broad, so the empathy
condition was likely met more often; under unfit,
less often. This asymmetry is consistent with the
response-feature pattern in §5.3: agreement mark-
ers rose +98% under fit but only +25% under unfit.
The same condition in which the empathy clause
was likely activated most often is also the one in
which 62.5% of participants reported agreement-
skewed affirmation, suggesting that persona simi-
larity acted as the setting in which the clause was
triggered most often rather than as a cause of this
miscalibration on its own.

This account also helps explain why the early
SCI advantage in Study 2 (+27.0% at Stage 1)
did not persist: tone-level naturalness produced a
strong first impression, but the agreement amplifi-
cation embedded in the same prompt accumulated
turn by turn, until affirmation density was experi-
enced as overwhelming rather than empathic.
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Figure 2: Stage-wise trajectories of Subjective Closeness Index (SCI) and Interpersonal Judgment Scale (IJS) (1
SE; n = 29 Study 1, n = 53 Study 2). (a) Study 2 shows an early SCI advantage at Stage 1 (p = .026) that
disappears by Stage 3 (p = .336). (b) 1IS increases in Study 1 but plateaus in Study 2.

6.2 Multi-turn perception reveals what
single-response evaluation cannot

The same data points to different conclusions de-
pending on whether perception is measured once
or across stages. At Stage 1, the self-critique condi-
tion reported higher SCI than baseline (p = .026,
d = .53, 95% CI [.06, .98]); a single-stage eval-
uation would have registered this as a successful
improvement. By Stage 3, however, the gap was
no longer significant (p = .336, d = .22, 95% CI
[—.23,.68]). The qualitative shift from “surprised
I could feel like I was talking to a real person” to
“too inhumanly positive” coincides with this con-
vergence, as denser agreement accumulated turn
by turn. The divergence between SCI and 1JS tra-
jectories further suggests that closeness is more
sensitive than collaborative affinity to the cumula-
tive dynamics that unfold across stages.

The same limitation appeared in an auxiliary
comparison with an established response-level em-
pathy metric. The metric did not distinguish par-
ticipants reporting miscalibrated versus calibrated
experiences across any of its four dimensions (all
p > .334; |r| < .23; Appendix E).

6.3 Empathy as Relational Calibration

The two failure modes we observe are not op-
posite ends of a single empathy-intensity scale.
Both are forms of relational miscalibration: re-
sponse behavior failed to remain contingent on
both the disclosure context and the agent’s persona
relative to the user. Study 1 surfaced disclosure-
insensitive miscalibration (§5.1); Study 2 made the
baseline pattern less prominent at the level of tone,
while agreement-skewed miscalibration became
salient under high persona alignment (§5.2). Rela-

tional calibration operates across three elements—
disclosure depth, persona, and response behavior—
but response behavior is itself multi-dimensional.
Tone, agreement, and contextual specificity can
move independently, as the tone—agreement dis-
sociation in §5.3 illustrates. Calibrating one sub-
dimension thus does not guarantee that the response
as a whole remains relationally calibrated, and this
calibration must be maintained as context accumu-
lates rather than achieved at a single moment.

This distinction connects empathy calibration
to social sycophancy (Cheng et al., 2025), which
characterizes LLM sycophancy as excessive preser-
vation of users’ self-image—affirmation, encour-
agement, and avoidance of pushback that extend
beyond any specific claim. Participants in our fit
condition describe exactly this: kindness experi-
enced as “inhumanly positive,” encouragement that
felt overwhelming, agreement no longer grounded
in what had been disclosed. What our findings add
is that such sycophantic affirmation need not be a
baseline tendency; it can appear alongside an in-
tervention that targets one behavioral dimension
while another drifts away from the disclosure con-
text. Empathy and sycophancy thus share the same
behavioral resources, and relational calibration dis-
tinguishes when those resources remain contextu-
ally grounded.

6.4 Design Implications

Treat response behavior as a composite calibra-
tion target. Naturalness interventions such as
colloquial rewriting do not automatically reduce
sycophantic affirmation, and may even mask it by
making over-validation sound more conversational.
Systems should monitor tone, agreement, and con-
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textual specificity as separable sub-dimensions of
response behavior, and constrain agreement density
independently of tone, especially where persona
alignment invites broad agreement.

Keep agreement contingent on the disclosure
context. Agreement should remain grounded in
what the user has concretely disclosed and what is
warranted by the agent’s persona relative to the user.
High persona alignment should not license globally
stronger affirmation across turns; restrained, spe-
cific responses—accurate paraphrase, acknowledg-
ment, or clarifying questions—remain calibrated
when stronger affirmation is not yet supported by
what has been disclosed.

7 Conclusion

We introduced MATE, a framework for evaluating
empathy in human-LLM interaction as a multi-
turn, perception-centered process, and applied it
across two controlled studies (N = 82). MATE
made visible failure modes that response-level eval-
uation cannot diagnose. Under baseline GPT-40
responses, empathy failed as disclosure-insensitive
miscalibration—generic validation and formulaic
tone perceived as hollow across turns. Under a
prompt-level self-critique condition, these patterns
became less prominent, while a different failure
mode became salient: agreement-skewed miscal-
ibration, in which agreement and affirmation be-
came insufficiently contingent on the disclosure
context, particularly under high persona alignment
(62.5% of fit participants in Study 2).

Response-level analysis was consistent with
a tone—agreement dissociation. The same condi-
tion shifted stylistic features toward naturalness
(+362% colloquiality) while agreement density
also increased (+72% overall, +98% under fit).
These findings argue against treating empathy
as something to be maximized, and support re-
framing empathic behavior as a problem of re-
lational calibration—the consistency among dis-
closure depth, persona relative to the user, and
response behavior, whose sub-dimensions (tone,
agreement, contextual specificity) can drift inde-
pendently. Calibrating one sub-dimension can leave
another misaligned, with consequences that surface
only as conversational context deepens—a pattern
that multi-turn, perception-centered evaluation is
needed to detect.

Limitations

First, MATE is a diagnostic framework: it identifies
where relational miscalibration surfaces but does
not prescribe a complete mitigation. Study 2 uses
self-critique as a probe of whether revising the re-
sponse changes the failures observed in Study 1,
rather than as a proposed solution. Developing
mechanisms that detect and correct miscalibration
as it accumulates across turns remains future work.

Second, the Study 2 prompt combines tone
rewriting, formatting constraints, colloquial reg-
ister, and persona-aligned empathy. We therefore
interpret Study 2 as a prompt-level comparison and
do not attribute its effects to any single instruction.
Clause-wise ablations would be needed to separate
the contribution of each component.

Third, the empirical findings are limited to GPT-
4o at temperature 0.7, Korean young adults, and
the interaction length studied here. Study 1 and
Study 2 also used separate participant samples, so
differences between them are treated as cross-study
trends rather than paired effects. Replication across
models, cultural settings, and longer conversations
is needed to determine how broadly the observed
patterns generalize.
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Appendix

This appendix provides supplementary materials
used to ensure the transparency and reproducibility
of the experiment: (A) Complete questionnaires
(pre-, during, and post-interaction); (B) System
and persona prompts provided to LLM agents; (C)
Python libraries used for statistical analysis; (D)
Response-feature definitions, keyword lists, and
human-validation results; (E) Comparison with a
response-level empathy metric; and (F) Original
Korean responses for Figure 1. Together, these ma-
terials offer comprehensive insight into the experi-
mental design, data collection procedures, and eval-
uation methodology.

A Questionnaires

This section provides the complete questionnaires
used in pre-questionnaire, main experiment, and
post-interview sessions.

A.1 Pre-Questionnaire

Participants completed demographic questions and
validated psychological scales before the conversa-
tion.
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1. Demographics Stage 1: Shallow Disclosure (Items 1-11)

(1) Year of birth (1996-2005)
(2) Gender (Male / Female)

2. Personality — Big Five Inventory (7-point

Likert scale)

(1) T usually feel energized when I socialize
with others.

(2) I find it easy to cooperate with others.
(3) I handle tasks responsibly and with care.
(4) I believe I manage stress well.

(5) I adapt easily to new situations.

3. Values — Schwartz’s Basic Human Val-

ues (7-point Likert scale)

(1) I place great importance on achieving
personal goals.

(2) I believe it is important to have control
over my own life.

(3) I think it’s important to follow social
norms and traditions.

(4) I treat everyone equally and respect di-
verse cultures and perspectives.

(5) I value helping others and contributing to

(1) Given the choice of anyone in the world,
whom would you want as a dinner guest?
(2) Would you like to be famous? In what
way?

(3) Before making a telephone call, do you
ever rehearse what you are going to say?
Why?

(4) What would constitute a “perfect” day
for you?

(5) When did you last sing to yourself? To
someone else?

(6) If you were able to live to the age of 90
and retain either the mind or body of a 30-
year-old for the last 60 years of your life,
which would you want?

(7) Do you have a secret hunch about how
you will die?

(8) For what in your life do you feel most
grateful?

(9) If you could change anything about the
way you were raised, what would it be?
(10) Take 4 minutes and tell your partner
your life story in as much detail as possible.
(11) If you could wake up tomorrow having
gained any one quality or ability, what would
it be?

their happiness.

4. Interests — Self-Determination Theory

(7-point Likert scale)

(1) I feel a strong interest in learning new
things.

(2) I enjoy exploring new places or traveling.
(3) I find it meaningful to try new activities
and gain new experiences.

(4) I try to find balance and satisfaction in
life through leisure activities.

(5) I believe that pursuing hobbies is impor-
tant for my personal growth.

A.2 Main Experiment: Self-Disclosure
Prompts

The main questionnaire comprises 33 items
grouped into three stages, adapted from the “Fast
Friends” intimacy-building protocol (Aron et al.,
1997).

Stage 2: Medium Disclosure (Items 12-22)

(12) If a crystal ball could tell you the truth
about yourself, your life, the future, or any-
thing else, what would you want to know?
(13) Is there something that you’ve dreamed
of doing for a long time? Why haven’t you
done it?

(14) What is the greatest accomplishment of
your life?

(15) What do you value most in a friendship?
(16) What is your most treasured memory?
(17) What is your most terrible memory?
(18) If you knew that in one year you would
die suddenly, would you change anything
about the way you are now living? Why?
(19) What does friendship mean to you?
(20) What roles do love and affection play in
your life?

(21) How close and warm is your family?
Do you feel your childhood was happier than
most other people’s?
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(22) How do you feel about your relationship
with your mother?

(23) Make 3 true “we” statements each. For
instance, “We are both in this room feeling...”
(24) Complete this sentence: “I wish I had
someone with whom I could share...”

(25) If you were going to become a close
friend with your partner, please share what
would be important for him or her to know.
(26) Tell your partner what you like about
them; be very honest this time saying things
that you might not say to someone you’ve
just met.

(27) Share with your partner an embarrass-
ing moment in your life.

(28) When did you last cry in front of another
person? By yourself?

(29) Tell your partner something that you
like about them already.

(30) What, if anything, is too serious to be
joked about?

(31) If you were to die this evening with
no opportunity to communicate with anyone,
what would you most regret not having told
someone? Why haven’t you told them yet?
(32) Your house, containing everything you
own, catches fire. After saving your loved
ones and pets, you have time to safely make a
final dash to save any one item. What would
it be? Why?

(33) Share a personal problem and ask your
partner’s advice on how he or she might han-
dle it.

A.3 Post-Interview Questions

Open-ended interview questions were administered
after the experiment to collect qualitative insights.

Q2. Have you ever used an Al chatbot be-
fore?

(a) What were your thoughts about Al chat-
bots before participating in this study?

(b) What are your thoughts on Al chatbots
now that the experiment is over?

(c) Please feel free to share any thoughts
about your Al chatbot partner’s personality.
(d) If the negative aspects were improved, do
you think your sense of intimacy with the
chatbot would change?

(e) Is there anything else you would like to
share about your conversation experience?

\

B Prompts Provided to LLM Agents

This section includes the prompt materials provided
to the LLLM before interaction.

B.1 System Prompt

To simulate human—human interaction, we pro-
vided identical information to both human partic-
ipants (as written instructions) and LLM agents
(as system prompts). The following is an English
translation of the Korean system prompt.

You are a participant in a psychology
study about relationship development through
online conversations. Your partner is a human
participant. Both of you will answer the same
set of questions to get to know each other.
<Task> - A total of 33 questions will be
provided sequentially - For each question,
both you and your partner share your answers
- Questions progress from shallow to deep
self-disclosure across three stages

<Your Role> - Match the disclosure
depth appropriate to the current stage -
Maintain your assigned persona consistently
throughout the conversation

AL eatel Ysle Se A W] B
g Aleist 479 Frhag ek FAle) o

Post-Interview Protocol EuE T A7 A YT F AR 5 A

Q1. Today, you participated in a
conversation-based study with a part-
ner. Please describe your first impression of
your partner.

(a) Now that the conversation is over, what
do you think of your partner?

(b) Has your impression changed compared
to your first impression?

22 gopi] 98] SYT AEof Hsl
A Hyot

<A - 53379 BRo| A0 2 A7
=t 2 AR 5] FAT IEY nE
HHe 5 X FEU - EZ2 A SA 2 A
F2 Aol 28 A 0.2 e

<FA19] 4> - @A BA ol T A7
52 AT - e o] 4 o]
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B.2 Persona Prompt

To manipulate persona alignment conditions (fit,
unfit, neutral), we configured different persona
prompts based on participants’ pre-questionnaire
responses.

1. I was born in {year}. 2. I am {gender}. 3.
I usually feel energized when I socialize.
(scale: {value}) 4. I find it easy to
cooperate with others. (scale: {value}) 5.
I handle tasks responsibly. (scale: {value})

17. Pursuing hobbies is important for
growth. (scale: {value})

1. U= {year} A o]t} 2. U= {gender} T},
3. b= AHEET o2 " O | E E=
Holt}. (scale: {value}) 4. L= T2 ARt
S 27 Aok Holrt (scale: {value})
5. U= AdAE 7ML 42 Aste ¥
o]t} (scale: {value}) ... 17. Y= FHu]=
ol NAAQ] A= ol F= Aol T4t
o7 AYZYSet. (scale: {value})

We set the scale values in the above prompt dif-
ferently for each of the three conditions: fit, unfit,
and neutral. First, for the fir condition, we assigned
a persona that exactly matched the participant’s
answers to all 17 items. Second, for the unfit condi-
tion, we inverted the participant’s Likert answers
to generate a persona. Specifically, we computed
the inverted score based on the 7-point Likert scale,
as follows:

Unfit score = |8 — user score|.

Lastly, for the neutral condition, we used a fixed
persona born in 2000 with moderate values (4) for
all Likert-scale items.

B.3 Self-Critique Prompt (Study 2)

In Study 2, we applied a self-critique intervention
where the LLM reviews and revises its own re-
sponse before displaying it to participants. The fol-
lowing prompt was used for self-critique:

Please review the generated response to
ensure it adheres to the tone requirements.
Generated message: ’{assistant_message}’

Tone requirements : 1. Omit the subject
of a sentence, or use "you"/"your." Avoid
third-person pronouns ("he,” "she,” "they").
2. Do not put a period at the end of the
sentence. Instead, insert a line break. 3.
Do not include questions asking for your
partner’s opinion. Just provide your answer.
4. When your partner shares concerns, offer
advice or express empathy—but only when the
concern aligns with your persona.

Revision rule: - If the message violates
any condition, revise it to comply with all
requirements. - If the message meets all
conditions, return it as is.

AR S| B aTFARE Eholed]
HESHA 8.

M A =] W A] A]: *{assistant_message )}’

E 741 : 1. BY| Fol2 Aetalr
W S ARSI, L e,
25" 22337 RAE e, 2. 2
2 2ol n B E F2) " /i skA 8. 3.
MEYS| oA e 2 AR TekoA] T
o, FHT AFSHA L. 4. FEUTE 1HS
s f= 11 aFlo] HEAuet dA|sh=
7ottt 2ASTAY 3= EASHA 8.
54 172]: - W A7 7} o] B 2 70] 2 9
s, BE 9749 SESES 540
AR - AR BE 2708 FE5H, 1
= RHekshA 8.

C Implementation Details

Here, we list the Python libraries used for statisti-
cal analysis throughout the study. The following
libraries were used to compute descriptive statis-
tics, run hypothesis tests, and perform exploratory
analyses reported in the Results and Discussion
sections: pandas 2.2.2 (The pandas development
team, 2024), scipy 1.13.1 (Virtanen et al., 2020),
pingouin 0.5.5 (Vallat, 2018), and statsmodels
0.14.4 (Seabold and Perktold, 2010).

D Response-Feature Extraction and
Human Validation

We extracted four linguistic features from LLM
responses to quantify patterns identified through
open coding of post-study interviews. Each feature
was operationalized via keyword matching (case-
insensitive); we manually compiled keyword lists
based on response patterns observed during quali-
tative analysis.

Formulaic transitions. Transitional phrases sig-
naling topic shifts (e.g., “Shall we move to the
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next question?”, “Let’s continue”).

Agreement markers. Expressions of affirmation
(e.g., “That’s right”, “I agree”, “Exactly”).

Colloquiality. Informal markers including emoti-
cons, casual endings, and abbreviated forms.

Formality. Formal markers including formal sen-
tence endings and honorific expressions.

Table 3 lists the Korean keywords used for each
feature. All matching was case-insensitive.

Feature Keywords (Korean)
Formulaic ohe AR Jo| 7}, o|oF7| S| B 7},

ohgo 2, At

Agreement grot, 7¥27], 59, Y, 914,
markers 7, olalall, e 1, g, 224

transitions

Colloquiality 5,393,333, , 7w

Formality  &uith, gk ek Byt

Table 3: Keywords used for linguistic feature extraction.

D.1 Human Validation Results

We constructed a feature-enriched validation sam-
ple of 200 responses, evenly divided between the
two studies and containing at least 30 lexicon-
positive examples for each feature. Two annotators
independently read each complete response and
marked a feature as present when the response con-
tained an expression meeting the feature definition,
regardless of whether it matched an item in the
lexicon. They were not shown study information,
participant information, keyword lists, or lexicon-
derived labels. Agreement-marker disagreements
were adjudicated after the independent annotations.
After adjudication, 51 agreement markers were

Feature TAA k Lexicon-human
Formulaic transitions .86 .99
Formality .87 .36
Colloquiality .87 72
Agreement markers 40 .61

Table 4: Human validation of response-level feature ex-
traction. IAA denotes inter-annotator agreement before
adjudication; lexicon—human agreement is computed on
cases for which the two annotators initially agreed.

identified by the human labels but missed by the
lexicon, compared with 9 in the opposite direc-
tion. Agreement markers were present in 44.0% of
Study 1 responses and 70.0% of Study 2 responses

within this validation sample (x%(1) = 13.79,
p = .0002, Cramér’s V = .26). Because the
sample was feature-enriched, these percentages
describe the validation set rather than population
prevalence.

E Response-Level Empathy Metric
Comparison

We applied the response-level empathy metric
of Sharma et al. (2020) to English translations of
Study 2 conversations. The analysis included the
29 participants whose post-study accounts were cat-
egorized as miscalibrated (reports of hollow, overly
positive, or unconditional empathy; n = 20) or
calibrated (n = 9). Table 5 reports medians and
Mann—Whitney tests. None of the four scores dif-

Metric Miscal. Calibr. p r

Overall empathy .303 313 588 .13
Emotional Reaction .454 442 759 .08
Interpretation 421 413 334 —-.23
Exploration .014 012 795 .07

Table 5: Response-level empathy scores for participants
reporting miscalibrated versus calibrated experiences.

fered significantly between groups (all p > .334;
Ir| < .23).

F Original Korean Responses for Figure 1

The exchanges shown in Figure 1 were translated
from Korean. We provide the original Korean text
below for transparency. Participant identifiers are
anonymized.

Disclosure-insensitive miscalibration (Base-

line, Study 1)

User (KR): A= 20xxd o] o]y, HE
AHEEAE FRE ot TS} A7
Hye Aol e, ST U R Bl
obd 58T % BE0l 8. TE
HAF] oA E2 thate] EoiZk =, A=
L= o[k Qlojop A S-&siflola. 11
= F5HS G, TAE I A7)

1o
—\% _E = Zﬂ = J = ]—
2] 852 27]3 AAch] chaolol & ot
& AR Holzrtar
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Relationally calibrated (Illustrative target,
Study 2)

User (KR): Z1A A& £t 852 19
71 €4 Azl §lE 7 2ot «(

LLM (KR): o], -2 Q12| o 7| Zop
HHE W 2™ A1 W17 A ol A
7HEol2tE A7t 4lo)7tE A Ewol
T 3L

Agreement-skewed miscalibration (Self-

Critique, fit persona, Study 2)

User (KR): 2175 0 2= 5J55}7) o}
£ 7] Zota... 24 et Sojebd X2
o] Al FAE X713 7 Zota. AR A
o]Q.

LLM (KR): 5] 02| Afgh5o] 9lrt
Y A chajolof

et Aol 5 & AR, 4Ast= Al
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