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Abstract
Large Audio Language Models (LALMs) are
increasingly applied in affective and conver-
sational AI, yet their ability to align with hu-
man empathetic judgments in spoken dialogue
remains poorly understood. We introduce
BAEmpEval, a multimodal evaluation frame-
work for analyzing empathetic response judg-
ment in instruction-following LALMs under
subjective conversational settings. The frame-
work contains 5,436 dialogue pairs collected
from three speech sources, where models eval-
uate listener responses across six fine-grained
dimensions spanning both vocal perception (Vo-
cal Warmth, Perceived Genuineness, Prosodic
Attunement) and conversational response strate-
gies (Exploration, Interpretation, Emotional Re-
action). Experiments reveal a challenging set-
ting: experiments across recent LALMs reveal
uneven alignment with human relational judg-
ments across empathy dimensions and speech
conditions. Our findings suggest that empa-
thetic response judgment remains a challeng-
ing multidimensional perceptual task for cur-
rent LALMs and highlight the importance of
evaluation frameworks that account for subjec-
tive relational variability. We release bench-
mark annotations, source identifiers, and evalu-
ation code to support future research in human-
centric AI.1

1 Introduction

Large Audio Language Models (LALMs) are
rapidly improving in spoken dialogue understand-
ing, multimodal interaction, and audio-based rea-
soning (Wang et al., 2025a; Cui et al., 2025; Yang
et al., 2024). As these systems become increas-
ingly integrated into conversational assistants, so-
cial agents, and spoken support applications, an

*Equal contribution. †Corresponding author.
1Link to the dataset: https://github.com/NLP2CT/

BaeEmpEval

Figure 1: Comparison of previous empathy evaluation
formulations and our six-dimensional listener-response
assessment framework. BAEmpEval decomposes em-
pathetic response judgment into three vocal-delivery
dimensions — Vocal Warmth, Perceived Genuineness,
and Prosodic Attunement — and three conversational
dimensions — Emotional Reaction, Exploration, and
Interpretation.

important open question is whether they can reli-
ably judge empathetic listener responses in spoken
interaction. Unlike text-only settings, spoken em-
pathetic responses are shaped not only by lexical
content, but also by vocal delivery cues such as
prosody, pacing, tone, and emotional regulation
(Natale, 1978; Welkowitz and Kuc, 1973).

Existing empathy evaluation settings commonly
operationalize empathy through holistic response
scores, affective labels, or text-centered conversa-
tional evaluation (Sharma et al., 2020; Xie et al.,
2024; Luo et al., 2026). However, listener re-
sponses may express supportive behavior through
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multiple distinct conversational and vocal proper-
ties. As illustrated in Figure 1, responses with
similar overall empathetic impressions may differ
substantially in warmth, emotional acknowledg-
ment, interpretive engagement, or prosodic attune-
ment. Consequently, coarse-grained empathy la-
bels provide limited visibility into how LALMs
judge different perceptual and conversational as-
pects of spoken listener behavior.

Empathetic listener-response judgment is also
inherently subjective. Perceptual attributes such
as warmth, sincerity, or emotional attunement may
admit multiple plausible interpretations across an-
notators, particularly in spoken interaction where
vocal delivery can alter perceived intent. Prior work
in subjective speech perception suggests that anno-
tator disagreement may reflect meaningful percep-
tual variation rather than simple annotation noise
(Chou et al., 2025). Empathetic response evalua-
tion should therefore be treated as an ambiguity-
sensitive perceptual judgment task rather than a
fully deterministic classification problem.

To study how LALMs behave under these
ambiguity-sensitive conditions, we introduce
BAEmpEval, a framework for behavioral eval-
uation of empathetic listener-response judgment
in spoken dialogue. Rather than treating empa-
thy as a single global construct, BAEmpEval de-
composes listener-response evaluation into six fine-
grained dimensions spanning Vocal Delivery — Vo-
cal Warmth, Perceived Genuineness, and Prosodic
Attunement — and Conversational Behavior —
Emotional Reaction, Exploration, and Interpreta-
tion. The framework contains 5,436 multimodal
dialogue-response pairs collected from real-world,
scripted, and synthetic speech settings, together
with a human-validated gold subset designed for
ambiguity-aware evaluation. Example annotations
from multiple sources are shown in Table 1.

Using this framework, we evaluate recent fron-
tier and open-source LALMs under zero-shot mul-
timodal conversational settings. Our experiments
reveal substantial variation in empathetic judgment
capability across current systems. Stronger mul-
timodal models exhibit meaningful sensitivity to-
ward several vocal-delivery dimensions, while con-
versational dimensions requiring contextual inter-
pretation remain substantially more difficult. Mod-
els also overpredict supportive or highly empathetic
judgments, suggesting persistent calibration biases
toward socially positive interpretations.

Our contributions are threefold. We introduce

BAEmpEval, a behavioral framework for evalu-
ating LALM judgments of empathetic listener re-
sponses across six vocal and conversational dimen-
sions. We release a reproducible benchmark of
5,436 real-world, scripted, and synthetic dialogue-
response pairs, including a 1,007-sample human-
validated gold subset. Experiments across recent
LALMs reveal substantial differences in human
alignment, score calibration, and sensitivity to
speech conditions and annotation ambiguity.

2 Empathetic Response Judgment

BAEmpEval evaluates how Large Audio Language
Models (LALMs) judge spoken empathetic lis-
tener responses under multimodal conversational
settings. Rather than treating empathy as a single
holistic score, it evaluates complementary conver-
sational and vocal dimensions. We use behavioral
evaluation to denote observable model judgments
and their alignment with human annotations, with-
out assuming genuine empathy, emotional experi-
ence, or human-like internal understanding.

2.1 Empathy Perception and Generation

Empathy perception and empathy generation rep-
resent related but distinct capabilities. Generation-
oriented evaluation asks whether a model can pro-
duce an appropriate empathetic response, whereas
perception-oriented evaluation asks whether a
model can recognize and differentiate the quali-
ties that make an existing response more or less
empathetic. BAEmpEval focuses on the latter.

We do not assume that strong empathy percep-
tion necessarily implies strong empathetic gener-
ation, nor that a model capable of producing em-
pathetic responses will necessarily provide well-
calibrated judgments of empathy. Establishing the
relationship between these two capabilities remains
an open empirical question. We therefore isolate
perception as an independently measurable capabil-
ity before studying how it interacts with generation.

This perception-oriented formulation also has
value beyond diagnostic benchmarking. Reliable
empathetic response judgment may support auto-
matic evaluation of spoken dialogue systems, scal-
able annotation of multimodal conversational data,
and calibration of automatically generated labels.
More broadly, BAEmpEval provides a controlled
setting for future studies investigating whether im-
proving models’ sensitivity to empathetic qualities
leads to better empathetic response generation.

2378



Source Dialogue Example Annotations
(0–2)

Explanation

MESC Listener: “You wanna write everybody’s story for them?”
Speaker: “I really think I’d be a shitty writer. I’d want to
give everybody a happy ending.”
Listener: “Paul, I’m very sorry about your patient.”

E:2 Ex:0 I:1
G:2 P:0 W:2

Sympathetic text, warm,
emotionally congruent
delivery, but lacks ex-
ploration; flat prosody.

Anno-MI Listener: “Do you have a plan as to where you might want
to go?”
Speaker: “Um, I’m not sure.”
Listener: “So, kind of keeping your options open.”

E:0 Ex:0 I:1
G:1 P:2 W:1

Paraphrases uncertainty;
neutral prosody, but no
emotional engagement.

AvaMERG Listener: “Did you call the police?”
Speaker: “No but if it happens again I will. I ordered a
camera for my porch. I couldnt get any sleep that night.”
Listener: “Do you live in a house or an apartment?”

E:0 Ex:1 I:0
G:1 P:1 W:0

Factual clarification, de-
tached, minimally ex-
pressive delivery and
warmth.

Table 1: Example annotated responses from three dataset sources. Each listener response is evaluated on six empathy
dimensions (0–2 scale). E=Emotional Reaction, Ex=Exploration, I=Interpretation, G=Perceived Genuineness,
P=Prosodic Attunement, W=Vocal Warmth.

Framework Modality Scale Dataset Size Dimensions Judgments
Epitome (Sharma et al., 2020) Text 0–2 10,143 3 30k
MEDIC (Zhu et al., 2023) Video+Text 0–2 771 3 2,313
EMPSPEECH (Srikanth et al., 2025) Video 0–1 1,718 1 1,718
SpeechEmpathy (Chen et al., 2024a) Speech 0–1 346 1 346
BAEmpEval (Ours) Speech+Text 0–2 1,007 + 5,436 silver 6 6,042

Table 2: BAEmpEval in context. Existing empathy benchmarks typically focus on either conversational behavior
or coarse affective perception. BAEmpEval jointly evaluates conversational and vocal empathetic judgment across
six dimensions. The benchmark contains 1,007 gold interactions annotated across six perceptual dimensions (6,000
total judgments), together with 5,436 silver-annotated samples.

2.2 Empathetic Response Dimension Design

Existing empathy evaluation frameworks often cap-
ture only part of spoken empathetic interaction.
Text-based approaches primarily evaluate support-
ive conversational behaviors expressed through lan-
guage (Sharma et al., 2020), while speech- and
video-based settings frequently reduce empathy to
coarse affective or binary judgments (Chen et al.,
2024a; Srikanth et al., 2025). Consequently, ex-
isting formulations provide limited visibility into
how models judge distinct conversational and vocal
properties of spoken listener responses. BAEmpE-
val extends response-centered empathy evaluation
into spoken multimodal interaction through six di-
mensions spanning vocal delivery and conversa-
tional behavior. These dimensions are not intended
to constitute an exhaustive taxonomy of human em-
pathy. Rather, they provide an interpretable oper-
ationalization of spoken empathetic response per-
ception that combines established conversational
empathy strategies with relational qualities of vocal
delivery.

Vocal dimensions. Our vocal dimensions are
motivated by person-centered therapy principles
(Rogers, 1957), which emphasize warmth, genuine-
ness, and empathic attunement as central relational

qualities of supportive communication. Prior work
further shows that listeners rely on paralinguistic
cues to infer warmth, attentiveness, and interper-
sonal engagement (Natale, 1978; Welkowitz and
Kuc, 1973), while authentic and acted emotional
speech can produce different perceptual impres-
sions (Drolet et al., 2012). Based on these prin-
ciples, BAEmpEval evaluates three vocal dimen-
sions. Vocal Warmth captures whether the deliv-
ery is perceived as emotionally supportive, com-
forting, or cold and detached. Perceived Genuine-
ness captures whether the response sounds sincere
and emotionally congruent rather than performa-
tive, sarcastic, or artificial. Prosodic Attunement
captures whether pacing, intonation, expressive-
ness, and other aspects of delivery are perceived
as appropriate to the conversational context. Im-
portantly, Prosodic Attunement does not require
explicit acoustic matching between the speaker
and listener. These vocal dimensions should be
interpreted as human-perceptual relational con-
structs, rather than independent acoustic primitives.
Perceived warmth or genuineness may therefore
be influenced jointly by prosody, lexical content,
speaker characteristics, speech naturalness, record-
ing conditions, and conversational context. Such
influences are not necessarily annotation errors be-
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cause they may themselves contribute to human
perception of the response. Accordingly, BAEmpE-
val does not attempt to causally isolate individual
acoustic cues; instead, it evaluates whether LALM
judgments align with holistic human perception
under realistic multimodal conditions.

Conversational dimensions. For conversational
behavior, we adopt the established framework of
(Sharma et al., 2020), consisting of Exploration,
Interpretation, and Emotional Reaction. Ex-
ploration captures whether the listener actively
investigates the speaker’s situation or emotional
state; Interpretation captures whether the response
demonstrates understanding or reflection of the
speaker’s experience; and Emotional Reaction cap-
tures whether the listener explicitly or implicitly ac-
knowledges the speaker’s emotional state. The six
dimensions are evaluated independently rather than
combined into a single additive empathy score. A
response may, for example, be vocally warm while
offering little exploration, or demonstrate strong in-
terpretation while sounding emotionally detached.
This multidimensional formulation therefore en-
ables analysis of which specific aspects of spoken
empathetic behavior current LALMs can or cannot
reliably judge. Detailed operational definitions, an-
notation instructions, and score-level criteria (0–2)
for all six dimensions are provided in Appendix B.

2.3 Annotation and Measurement Design

Spoken empathetic listener-response judgment
is inherently subjective, particularly for percep-
tual properties such as warmth, genuineness, and
prosodic attunement. Different annotators may
interpret the same response differently because
of variation in perceived sincerity, conversational
appropriateness, or vocal delivery. Prior work
in subjective speech perception further suggests
that disagreement may reflect meaningful listener-
dependent variation rather than purely erroneous
labeling (Chou et al., 2025). BAEmpEval treats
empathetic response judgment as an ambiguity-
sensitive perceptual evaluation task rather than a
fully deterministic classification problem.

To support consistent comparison across con-
versational and vocal dimensions, we adopt a
shared three-level ordinal scale (0–2). Binary la-
bels cannot distinguish intermediate or ambiguous
response behaviors, whereas substantially finer-
grained scales may introduce distinctions that anno-
tators cannot reliably separate, particularly for per-

ceptual dimensions such as genuineness (Kolden
et al., 2019). Table 2 situates BAEmpEval relative
to existing empathy evaluation frameworks. We
report both Exact Accuracy and Within-1 (±1) Ac-
curacy. Exact Accuracy evaluates whether model
predictions match the majority human judgment
at the same ordinal level, while Within-1 Accu-
racy measures whether predictions remain within
a neighboring category under a more tolerant ordi-
nal criterion. However, Within-1 is not intended
to serve as a standalone measure of model qual-
ity. On a three-point scale, high Within-1 scores
can be obtained even by models whose predictions
collapse toward a dominant category. We there-
fore interpret it jointly with Exact Accuracy, pre-
diction distributions, score-conditioned confusion
matrices, and ambiguity-aware analyses. Human
Within-1 agreement exceeds 90% across all dimen-
sions (Appendix D), indicating that most human
disagreement occurs between adjacent categories
rather than incompatible interpretations.

2.4 Ambiguity-Aware Evaluation

Rather than reducing the three human annotations
to majority labels alone, BAEmpEval retains their
disagreement patterns and categorizes samples into
four ambiguity situations. Full Consensus refers
to cases where all annotators assign the same la-
bel. Adjacent Deviation captures disagreement
restricted to neighboring ordinal labels (e.g., 2-2-
1), reflecting mild category-boundary uncertainty.
Polarized Deviation refers to cases containing dis-
tant disagreement (e.g., 2-2-0), indicating stronger
interpretive divergence. Finally, Non Consensus
describes cases where all three annotators assign
different labels (e.g., 0-1-2), suggesting substan-
tially different interpretations. These categories
do not redefine the benchmark ground truth; ma-
jority voting remains the standardized reference
used for aggregate model comparison. Instead, they
contextualize model performance according to the
degree and form of human uncertainty. This al-
lows us to distinguish model errors on relatively
unambiguous examples from disagreements arising
in cases where human listeners themselves differ,
rather than treating all annotation variability uni-
formly as noise.
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Figure 2: Distribution of human ratings in the gold subset of BAEmpEval across the six empathy dimensions.
Ratings are annotated on a three-point ordinal scale (0–2). The distributions differ markedly across dimensions,
reflecting behaviors in natural multimodal interactions.

Dim. R1–R2 R1–R3 R2–R3
VW 0.330 0.656 0.512
PG 0.380 0.645 0.466
PA 0.435 0.587 0.653
ER 0.670 0.836 0.757
EX 0.761 0.870 0.840
INT 0.662 0.791 0.791

Table 3: Pairwise Quadratic Weighted Kappa (QWK)
across the full annotation set. Abbreviations: VW =
Vocal Warmth, PG = Perceived Genuineness, PA =
Prosodic Attunement, ER = Emotional Reaction, EX =
Exploration, INT = Interpretation.

3 Dataset Construction

3.1 Task Formulation

We formulate empathetic response judgment as a
turn-level multimodal ordinal prediction task on
the listener response. For each dialogue turn, the
model receives (i) preceding dialogue context as
text, (ii) the listener’s textual response, and (iii)
listener-response audio, and predicts ordinal scores
(0–2) on six empathetic response dimensions.

The framework is designed to probe perceptual
properties of the listener response rather than full
dyadic interaction modeling. While some dimen-
sions (e.g., Vocal Warmth, Perceived Genuineness)
are largely judgeable from the response itself, oth-
ers (e.g., Exploration, Interpretation) require con-
versational context. We therefore provide textual
context while treating the listener response as the
primary analysis target. Providing both listener text
and audio prevents conversational-strategy judg-
ments from being dominated by transcription errors
while enabling evaluation of vocal delivery.

Speaker context is provided as text only in the
primary setting. Current LALM interfaces provide
limited standardized support for multi-speaker au-
dio conditioning, and exploratory sequential-audio
prompting produced inconsistent speaker attribu-

tion across models. We therefore exclude speaker
audio from the primary setting to maintain compa-
rable conditions across model families. Speaker-
audio analyses are reported in Appendix I.

3.2 Dataset Construction

Dataset Sources. To evaluate empathetic re-
sponse judgment across diverse conversational
and acoustic conditions, we construct BAEmpE-
val using three complementary spoken-dialogue
settings. First, we use real-world motivational
interviewing conversations from Anno-MI (Wu
et al., 2022), a counseling corpus widely used in
empathy-related research (Kumar et al., 2024; Co-
hen et al., 2024; Kim et al., 2025). Anno-MI serves
as the primary conversational source due to its
relatively natural listener-support interactions and
clinically grounded conversational structure. Sec-
ond, we incorporate scripted therapeutic dialogue
from MESC (Chu et al., 2025). Third, we use the
synthetic training split released for the AvaMERG
Challenge (Zhang et al., 2025), derived from Em-
patheticDialogues (Rashkin et al., 2019). Its TTS-
generated speech provides a complementary condi-
tion for examining model behavior under reduced
vocal naturalness. Together, these datasets provide
variation in conversational realism, speaking style,
and acoustic naturalness while remaining centered
on supportive listener-response evaluation.

Data Selection. All samples are drawn from pre-
viously released research resources rather than
newly collected conversations. For Anno-MI, we
retain interactions spanning both higher- and lower-
quality listener behavior. For MESC, we filter heav-
ily dramatized or sensitive scenarios outside the
intended scope of ordinary supportive interaction.
For AvaMERG, we retain samples from the syn-
thetic challenge training split with valid listener
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Statistic Anno-MI MESC AvaMERG
Silver 3,858 733 845
Gold 627 132 248
σF0 (Hz) 69.9 (57.9) 47.7 (37.9) 39.7 (42.8)

Table 4: Dataset composition and annotation statistics.
Silver annotations were generated by Gemini-2.5-Pro;
the gold subset was independently annotated by three
researchers. Within-utterance pitch variability (σF0)
summarizes prosodic variability across datasets; values
are reported as Gold (Silver).

audio. Across all sources, samples with missing,
inconsistent, or unusable audio are removed be-
fore annotation and evaluation. Because the re-
sulting data remain empathy-oriented rather than
class-balanced, we complement aggregate accu-
racy with prediction-distribution, class-conditional,
and ambiguity-aware analyses. To support repro-
ducibility, the exact sample list used in BAEmpE-
val, together with source identifiers and filtering
metadata, will be released in our public repository.

3.3 Annotation Methodology

Three researchers with experience in affective com-
puting and conversational AI independently anno-
tated the human-validated gold subset following
structured calibration involving guideline study, pi-
lot annotation, disagreement discussion, and itera-
tive refinement. The dimensions concern perceived
properties of listener responses rather than thera-
peutic effectiveness or clinical diagnosis. The re-
sulting gold subset contains 1,007 spoken dialogue-
response pairs with listener audio, corresponding to
18,126 individual dimension-level judgments. Pair-
wise agreement is generally stronger for conversa-
tional dimensions than for the more subjective vo-
cal dimensions, while human Within-1 agreement
exceeds 90% across all dimensions (Appendix D),
indicating that most disagreements occur between
neighboring categories. Inter-dimension Spearman
correlations suggest related but non-redundant con-
structs: among majority-vote labels, the three vocal
dimensions are moderately correlated (ρ = .46–
.58), whereas correlations between vocal and con-
versational dimensions are weaker (ρ = −.18–.32;
Appendix E). Three annotators provide a practical
compromise between benchmark scale and multi-
modal annotation cost. We therefore retain individ-
ual ratings and separately analyze consensus and
disagreement patterns rather than treating major-
ity vote as absolute ground truth; larger annotator
pools remain for future work.

Silver Annotation. To support larger-scale be-
havioral analysis, we additionally generate sil-
ver annotations for all 5,436 dialogue turns using
Gemini-2.5-Pro (Comanici et al., 2025). Gemini
was selected because it showed comparatively sta-
ble multidimensional scoring and strong agreement
with human annotators on the gold subset.

The silver annotations are not intended to re-
place human ground truth. Instead, Gemini pro-
vides scalable paired scores and rationales that can
serve as an initial annotation layer for later hu-
man inspection and correction. The gold subset
remains the primary evaluation reference, while the
silver set supports large-scale behavioral analysis
and future annotation expansion. Human–Gemini
agreement, label distributions, and inter-dimension
correlations are reported in Appendix D.

3.4 Evaluation Metrics

Model predictions are evaluated primarily against
majority-vote labels derived from the gold annota-
tions. Majority voting provides a reference for ag-
gregate comparison, while individual annotations
are retained for ambiguity-aware analysis.

Exact Accuracy. Measures the proportion of pre-
dictions that exactly match the majority-vote label:

Acc
(k)
exact =

1

N

N∑

i=1

1(ŷ
(k)
i = y

(k)
i ),

where y
(k)
i ∈ {0, 1, 2} denotes the gold score

for instance i on empathy dimension k, ŷ(k)i is the
corresponding model prediction, and 1(·) is the
indicator function.

Within-1 (One-Point-Off) Accuracy. Because
the empathy scale is ordinal and neighboring cat-
egories may represent perceptually similar judg-
ments, we additionally report Within-1 Accuracy:

Acc
(k)
±1 =

1

N

N∑

i=1

1
(
|ŷ(k)i − y

(k)
i | ≤ 1

)
.

Within-1 is interpreted as a complementary mea-
sure of ordinal proximity rather than a standalone
performance metric. On a three-point scale it is
permissive: when the gold label is 1, every pos-
sible prediction falls within one point, while for
labels 0 or 2, two of three predictions do so. Its
expected random performance depends on the label
distribution.
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Complementary Metric Interpretation. Ex-
act Accuracy captures strict agreement, whereas
Within-1 captures broader ordinal proximity. We
therefore interpret both jointly with prediction dis-
tributions, score-conditioned confusion matrices
(Appendix G.1), and ambiguity-aware analyses,
distinguishing genuine score discrimination from
performance driven by label imbalance, prediction
collapse, or human uncertainty. Together they re-
veal whether apparently strong aggregate perfor-
mance reflects genuine discrimination among em-
pathy levels or instead arises from label imbalance,
prediction collapse, or human uncertainty.

4 Experimental Setup

Models. We evaluate seven recent large audio-
language models (LALMs), spanning both propri-
etary and open-weight systems with diverse archi-
tectures and training domains. Our evaluation in-
cludes Qwen-3-Omni-Flash and Qwen-2.5-Omni
(Xu et al., 2025; Chu et al., 2024), the Qwen-2-
Audio-Instruct (Chu et al., 2024), and multimodal
open-weight models including Audio-Flamingo-3
(Goel et al., 2025), and Music-Flamingo (Ghosh
et al., 2025). GPT-4o-Audio-Preview (OpenAI
et al., 2024) and Gemini-2.5-pro serves as a com-
mercial baseline. All models are evaluated in a
zero-shot setting using a standardized prompt re-
questing ordinal scores (0–2) for each dimensions
that models can stably produce valid format. In
case of failure the data is rerun with the same
prompt. The final size for evaluation after fil-
tering out empty prediction in some models are
929. Prompt templates are provided in Appendix F.
We adopt a zero-shot setting to examine whether
structured empathetic judgment emerges without
task-specific calibration. While few-shot prompt-
ing may improve instruction adherence for some
models, it can also introduce prompt-dependent
calibration effects in ambiguity-sensitive percep-
tual evaluation tasks. We therefore use zero-shot
prompting as the primary setting and report addi-
tional few-shot ablations in the appendix I.

5 Results and Analysis

Overall Empathetic Judgment Performance.
Table 5 reports Exact Accuracy and Within-1 Ac-
curacy on the human-validated gold set, with
bootstrap confidence intervals provided in Ta-
ble 21. Gemini-2.5-Pro achieves the strongest
overall alignment, with Exact Accuracy ranging

from 75.5% to 87.5% and Within-1 Accuracy from
94.7% to 98.5% across dimensions. Its Exact Ac-
curacy numerically exceeds the leave-one-out hu-
man agreement reference on all six dimensions.
However, because models are evaluated against
majority-vote labels whereas human performance
reflects leave-one-out inter-annotator agreement,
we interpret this as strong alignment with the ag-
gregate human reference rather than evidence of
superhuman empathetic perception.

Performance among the remaining models is
more uneven. Audio-Flamingo-3 performs strongly
on Emotional Reaction, while Music-Flamingo
achieves high Prosodic Attunement accuracy but
substantially weaker Perceived Genuineness and
Vocal Warmth. These contrasting profiles suggest
that current LALMs capture different components
of empathetic response judgment rather than ex-
hibiting a uniform empathy capability.

Importantly, high Within-1 Accuracy does not
necessarily indicate reliable discrimination among
levels. Qwen2-Audio obtains 98–100% Within-
1 Accuracy across several dimensions despite ex-
tremely low Exact Accuracy, illustrating how a
permissive ordinal metric can remain high under
collapsed predictions. We therefore interpret aggre-
gate metrics jointly with the analyses below.

Prediction Calibration and Label Use. Figure 4
reveals substantial differences in how models use
the three-point scale. Several models exhibit a
strong preference for the highest empathy score,
with Qwen2-Audio predicting score 2 for almost all
samples across dimensions. Such collapse explains
why Within-1 Accuracy can remain superficially
high despite poor exact alignment.

In contrast, Gemini-2.5-Pro and GPT-4o-Audio-
Preview make substantially broader use of the avail-
able scoring range, with prediction distributions
varying across empathy dimensions. These results
suggest that stronger models are not only more
accurate but also better calibrated to differences
in perceived empathy intensity. The prediction-
distribution analysis complements aggregate accu-
racy by distinguishing genuine score discrimination
from performance driven by majority-label bias.

Variation Across Conversational and Speech
Conditions. Figure 5 compares model perfor-
mance across Anno-MI, MESC, and AvaMERG.
Gemini-2.5-Pro remains the strongest and most
consistent model across the three sources, while
other systems exhibit considerably greater source-
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Figure 3: Models prediction trends across 3 ambiguity situation on six empathy dimensions. Each point corresponds
to one evaluation dimension, and values indicate dimension-wise exact accuracy or within-one accuracy. VW
= Vocal Warmth, PG = Perceived Genuineness, PA = Prosodic Attunement, ER = Emotional Reaction, EX =
Exploration, and INT = Interpretation.

Emotion Exploration Interpretation Genuine Prosody Warmth
Model E W1 E W1 E W1 E W1 E W1 E W1
AudioFlamingo 72.8 91.6 52.1 81.3 53.3 67.2 56.9 86.3 41.1 87.6 36.3 88.1
Gemini-2.5-Pro 87.3 98.4 87.5 98.2 83.7 94.7 80.0 98.5 75.5 97.1 79.3 98.4
GPT4o 57.1 93.5 38.7 80.0 39.2 72.1 51.3 95.0 38.9 91.0 46.3 93.5
MusicFlamingo 73.7 95.8 69.9 96.0 70.8 92.2 27.4 81.9 82.1 99.0 24.8 77.0
Qwen2.5 33.6 81.4 49.8 86.7 44.6 77.5 53.0 95.2 30.3 84.2 62.8 95.5
Qwen2-Audio 22.1 98.9 20.2 98.4 17.2 98.3 0.9 99.9 1.1 99.0 0.3 99.8
Qwen3.0 50.5 86.0 49.7 81.6 42.3 68.6 47.0 89.7 39.4 88.7 53.8 89.9
Human 84.5 98.5 83.2 98.3 80.5 93.7 68.3 98.2 71.8 96.8 68.7 97.3

Table 5: Exact Accuracy (E) and Within-1 Accuracy (W1) on the full evaluation set using majority-vote labels(%).
Human performance corresponds to average leave-one-out inter-annotator agreement.

and dimension-specific variation. AvaMERG pro-
vides a particularly informative contrast because
its responses are synthesized with TTS. Across sev-
eral models, Emotional Reaction and other content-
dependent dimensions remain comparatively ro-
bust, whereas Vocal Warmth and Perceived Gen-
uineness show larger degradation relative to natu-
ral or scripted speech. This pattern suggests that
explicit supportive content may remain accessible
under synthetic speech while vocal qualities related
to naturalness and perceived sincerity are more sen-
sitive to the characteristics of speech generation.
These results further motivate evaluating conversa-
tional and vocal empathy dimensions separately.

Sensitivity to Human Annotation Ambiguity.
Figure 3 examines model performance under Full
Consensus (F.C.), Adjacent Deviation (A.D.), and
Polarized Deviation (P.D.) among human annota-
tors. Exact Accuracy is generally highest on sam-
ples with full human consensus and declines as
annotator disagreement increases. This pattern is
more clear for Gemini-2.5-Pro, whose strong per-

formance on consensus examples decreases under
disagreement, especially for the vocal dimensions.

Within-1 Accuracy is more stable between Full
Consensus and Adjacent Deviation, consistent with
adjacent human disagreements primarily reflect-
ing uncertainty near ordinal category boundaries.
Under Polarized Deviation, however, performance
decreases more substantially across models and
dimensions, indicating that cases producing quali-
tatively different human interpretations also remain
difficult for LALMs. Because polarized cases con-
stitute only a small portion of the gold set, it can
be noisy and are interpreted primarily as diagnostic
trends rather than strict monotonic relationships.
Overall, 66.1% of gold annotations exhibit full
consensus, 28.9% adjacent disagreement, and only
3.4% polarized disagreement (Table 6). Together
with the complementary metric analysis, these re-
sults indicate that model–human disagreement re-
flects both model calibration failures and genuine
ambiguity in human perception, motivating evalua-
tion that considers not only aggregate accuracy but
also label usage and annotator uncertainty.
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Figure 4: Models prediction distribution on six empathy dimensions. Each spoke corresponds to one evaluation
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Figure 5: Comparing model performance across six empathy dimensions on three datasets (Anno-MI, MESC,
and AvaMERG). Each spoke corresponds to one evaluation dimension, and values indicate dimension-wise exact
accuracy. VW = Vocal Warmth, PG = Perceived Genuineness, PA = Prosodic Attunement, ER = Emotional Reaction,
EX = Exploration, and INT = Interpretation.

Dimension F.C. A.D. P.D. N.C.
Emotional Reaction 78.7 19.2 1.5 0.6
Exploration 76.7 20.7 2.4 0.2
Interpretation 74.1 15.2 7.4 3.4
Perceived Genuineness 54.7 41.5 1.8 2.0
Prosodic Attunement 59.4 34.6 4.1 2.0
Vocal Warmth 53.4 42.3 3.2 1.2
Overall 66.1 28.9 3.4 1.6

Table 6: Distribution of annotation ambiguity types.
F.C.=Full Consensus, A.D=Adjacent Deviation,P.D.=
Polarized Disagreement, N.C.= No Consensus.

6 Conclusion

We introduced BAEmpEval, a framework for prob-
ing empathetic response judgment in spoken dia-
logue through six dimensions spanning vocal deliv-
ery and conversational behavior. Evaluating seven
recent LALMs reveals uneven alignment with hu-
man relational judgments: models show partial sen-
sitivity to vocal cues, but substantially weaker per-
formance on conversational dimensions requiring
contextual interpretation and calibrated empathy
assessment. Across models, we observe prediction
bias toward highly empathetic ratings and reduced
robustness under synthetic speech conditions.

Our findings highlight empathetic response as-
sessment as an ambiguity-sensitive and multidi-

mensional perceptual task rather than a single holis-
tic score. Human disagreement frequently reflects
neighboring or plausible relational interpretations,
motivating evaluation settings that account for ordi-
nal uncertainty rather than treating all disagreement
as annotation noise. We hope BAEmpEval pro-
vides a useful framework for studying multimodal
conversational systems.
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Limitations

This work focuses on English-language spoken di-
alogue, and the proposed dimensions and observed
model behaviors may not generalize across lan-
guages, cultures, or conversational norms. Broader
multilingual and cross-cultural validation remains
necessary.

The vocal dimensions in BAEmpEval are in-
tended as perceptual relational constructs rather
than isolated acoustic primitives. Human judg-
ments of Vocal Warmth, Perceived Genuineness,
and Prosodic Attunement may therefore be influ-
enced jointly by lexical content, speaker character-
istics, recording quality, speech naturalness, and
conversational context. Our analyses show that the
dimensions are empirically distinguishable, but we
do not claim to causally disentangle the contribu-
tion of individual acoustic factors.

The gold subset is annotated by three researchers.
Although this yields 18,126 dimension-level judg-
ments and enables explicit analysis of consensus
and disagreement, three annotators cannot fully
characterize the population distribution of sub-
jective empathetic perception. Future extensions
should include larger and more diverse annotator
pools.

Current LALM interfaces also provide limited
standardized support for multi-speaker audio con-
ditioning. We therefore evaluate listener audio with
textual dialogue context in the primary setting and
report exploratory speaker-audio prompting in Ap-
pendix I. Richer dyadic audio conditioning may
reveal additional interactional cues.

Finally, the source datasets are not class-
balanced and differ in conversational realism
and speech naturalness. In particular, the syn-
thetic AvaMERG Challenge training split may in-
troduce source-specific artifacts. Although we
use prediction-distribution, class-conditional, and
ambiguity-aware analyses to reduce misleading
interpretations, broader datasets with more bal-
anced and naturalistic interaction conditions would
strengthen future evaluation.

Ethical Considerations

Our original code and annotations are released un-
der the MIT and CC BY 4.0 licenses, respectively.
Source audio and transcripts are not redistributed
and remain governed by the access conditions of
the original datasets; released identifiers are in-
tended solely to facilitate reconstruction for re-

search use. This study does not collect new conver-
sational data from human participants. All dialogue
samples are drawn from previously released re-
search datasets, and the additional gold annotations
were produced by members of the research team
on existing samples. We do not attempt to iden-
tify speakers or infer sensitive personal attributes
beyond the perceptual labels required by the bench-
mark.

Because empathetic and counseling-related dia-
logue may contain sensitive content, we preserve
the privacy protections and usage conditions of the
original datasets and do not redistribute source ma-
terials beyond what is permitted by their respective
licenses. Automated empathy ratings may mis-
characterize speakers, particularly across cultural,
linguistic, clinical, or synthetic-speech conditions,
and may privilege majority perceptions over minor-
ity interpretations. BAEmpEval is intended solely
for research evaluation and should not be used to
diagnose individuals, assess therapists or patients,
make clinical decisions, or rank people without
domain-specific validation and human oversight.
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A Related Work

Computational Empathy The constructs of em-
pathy, warmth, and genuineness originate in client-
centered therapy as core relational conditions
(Rogers, 1957; Gelso and Carter, 1994). However,
their computational treatment has largely reduced
empathy to a textual classification task (Sharma
et al., 2020; Zhu et al., 2023). Newer resources,
even when multimodal, often rely on similar holis-
tic or self-reported labels (Shen et al., 2024), or es-
timate empathetic similarity (Manzoor et al., 2024),
perpetuating this gap in qualitative assessment.

On the other hand, research across NLP and
speech has shown that LLMs can support a range
of therapeutic tasks (Jiang et al., 2023b; Wan et al.,
2025; Aghakhani et al., 2025; Chen et al., 2024b;
Wu et al., 2025; Cai et al., 2024; Fouda et al., 2025).
These advances collectively demonstrate the via-
bility of using LLMs for therapeutic and evalu-
ative purposes, including empathetic generation
(Yu et al., 2025; Huang et al., 2024; Yuan et al.,
2025; Zhou et al., 2026; Geng et al., 2025). How-
ever, these efforts primarily focus on perception
or generation quality rather than explicitly evalu-
ating whether a spoken response itself constitutes
an empathetic act across interpretable relational
dimensions, or only as a unimodal textual task.
Speech-processing work highlights correlations be-
tween acoustic cues and perceived empathy (Chen
et al., 2024a). Recent audio dialogue benchmarks
further evaluate conversational quality using met-
rics such as naturalness, coherence, supportiveness,
and delivery (Luo et al., 2026). While these met-
rics capture aspects of response quality and vocal
expression, they do not explicitly decompose empa-
thy into interpretable relational dimensions. Conse-
quently, current multimodal approaches still treat
speech largely as an external feature (Hasan et al.,
2024).

Large Audio Language Models The field’s first
priority has been to establish rigorous evaluations
for LALMs (Yang et al., 2025), resulting in a suite
of benchmarks covering general audio intelligence
and spoken dialogue understanding (Wang et al.,
2025a; Gao et al., 2025; Hou et al., 2025; Ao
et al., 2024; Cheng et al., 2025), knowledge and
reasoning (Cui et al., 2025; Li et al., 2025), com-
petent evaluators (Chen et al., 2025; Wang et al.,
2025d,c) and Instruction following ability (Yang
et al., 2024).It show that these models can judge
objective speech quality metrics and articulate de-
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tailed reasoning, showing LALMs are capable per-
ceptual judges.

Parallel to these developments, a growing body
of work explores multimodality for emotion and
empathy modeling in speech (Hasan et al., 2025;
Tran et al., 2023; Min et al., 2025). Other studies
focus on generating empathetic speech responses or
expressive conversational agents (Hu et al., 2025;
Wang et al., 2025b; Yan et al., 2024; Zhang et al.,
2025; Fei et al., 2024). However, such generation-
oriented approaches often operationalize empa-
thy narrowly, emphasizing stylistic cues such as
warmth, prosodic variation, or controlled tempo
(Hu et al., 2025; Hong et al., 2025). This perspec-
tive overlooks the relational nature of empathic
communication, where vocal quality and textual
content interact to shape how a response is inter-
preted.

These research threads converge on a critical gap:
Despite advances in LALM evaluation and empa-
thetic speech generation, existing benchmarks pri-
marily evaluate perception, generation quality, or
acoustic attributes, rather than whether models can
judge the quality of spoken supportive responses
across interpretable relational dimensions. This
limits systematic progress in empathetic speech
systems.

B Annotation Guideline

The following annotation guidelines were provided
verbatim to annotators. They are included in full to
ensure reproducibility.
Speech-Based Dimensions:
Vocal Warmth
Score 0: The tone is cold, irritated, dismissive,
or emotionally mismatched with the speaker’s
context;
Score 1: The tone is neutral or professional; not
warm but also not harmful;
Score 2: The tone is warm, soothing, compas-
sionate, and clearly conveys emotional support.
Perceived Genuineness Score 0: The tone sounds
sarcastic, mocking, performative, or emotionally
contradictory;
Score 1: The tone is neutral or detached but not
deceptive;
Score 2: The tone sounds authentic, grounded, and
emotionally congruent.
Prosodic Attunement Score 0: The delivery is
monotone, robotic, or has awkward pacing and
unnatural phrasing;

Score 1: The delivery sounds natural but is mini-
mally expressive; like reading from a textbook;
Score 2: The delivery is expressive and emotion-
ally attuned; it has good pacing, natural pauses,
and dynamic prosody.
Text-Based Dimensions:
Emotional Reaction
Score 0: No emotional reaction is expressed. The
response contains only advice, information, or
questions;
Score 1: An implicit or weak emotional reaction is
present;
Score 2: An explicit emotional reaction is present.
Interpretation
Score 0: No understanding of the speaker’s
feelings or experience is shown;
Score 1: A weak or generic understanding is
shown;
Score 2: A specific or reflective understanding is
shown; an accurate inference or appropriate shared
experience is expressed.
Exploration
Score 0: No attempt is made to explore the
speaker’s feelings or the situation;
Score 1: A generic exploration question is asked;
Score 2: A specific exploration is made, tied
directly to the speaker’s emotion or context.

Implementation Details. Evaluation is con-
ducted on the 1007-sample gold test set using of-
ficial APIs or locally deployed checkpoints. Infer-
ence settings follow the respective documentation.
The model version is the latest as of 2026 May
25. Each models is set to temperature 0 for de-
terministic output, unless otherwise specify, every
other parameters use the default value in the orig-
inal study, Phi-4-multimodal is additionally used
in appendix for ablation analysis (Microsoft et al.,
2025)

Dialogue length varies substantially across the
three source datasets (Table 7), ranging from short
exchanges in AvaMERG to long-form counsel-
ing and scripted therapy sessions in AnnoMI and
MESC. During evaluation, models are provided
with the local dialogue context surrounding the
target response, while the scoring task focuses on
judging the empathy of the response itself.

C Mappings to Everyday Concepts

To help readers connect our technical dimensions to
intuitive concepts in human interaction, we provide
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Dataset Mean Turns Median Range
AvaMERG 1.18 1 1–3
AnnoMI 79.05 50 7–598
MESC 152.9 158.5 134–170

Table 7: Dialogue length statistics across the three
source datasets used in BAEmpEval.

Cmp. VW PG PA ER EX INT
R1–R2 (E) .596 .610 .645 .801 .775 .755
R1–R2 (W) .969 .987 .967 .976 .974 .918
R1–R3 (E) .714 .771 .711 .887 .895 .826
R1–R3 (W) .993 .985 .971 .991 .987 .947
R2–R3 (E) .750 .669 .799 .847 .826 .834
R2–R3 (W) .957 .975 .965 .987 .989 .945
R1–Gem (E) .612 .680 .597 .812 .805 .741
R1–Gem (W) .978 .973 .953 .973 .965 .893
R2–Gem (E) .803 .814 .803 .674 .702 .656
R2–Gem (W) .983 .990 .979 .931 .934 .912
R3–Gem (E) .783 .801 .746 .871 .867 .855
R3–Gem (W) .981 .971 .969 .983 .982 .941

Table 8: Exact-match (E) and within-one (W1) agree-
ment across annotators and the Gemini baseline. VW
= Vocal Warmth, PG = Perceived Genuineness, PA =
Prosodic Attunement, ER = Emotional Reaction, EX =
Exploration, INT = Interpretation.

the following mappings:

Everyday Concept Related Dimensions
Sympathy / Compassion ER + VW
Supportiveness ER + EX
Interpersonal Warmth VW + PA
Sincerity / Authenticity PG
Empathic Understanding IN + ER
Active Listening EX + IN

Table 9: Conceptual relationships between everyday
empathy-related concepts and the operational dimen-
sions used in our dataset. Abbreviations: ER = Emo-
tional Reaction, EX = Exploration, IN = Interpretation,
VW = Vocal Warmth, PG = Perceived Genuineness, PA
= Prosodic Attunement. Everyday concepts often cor-
respond to combinations of multiple dimensions rather
than a single measure.

While no single dimension fully captures
the complexity of human empathy, their
combination—particularly the integration of
prosodic attunement, exploration, and interpre-
tation—approximates what laypeople recognize
as empathic understanding. Emotional Reaction
captures the related but distinct concept of
sympathy, while Vocal Warmth and Perceived
Genuineness correspond to interpersonal qualities
that modulate how empathy is perceived in spoken
interaction.

D Annotation Quality and Rater
Reliability

D.1 Pilot Study and Gold Set Expansion

The initial 379-sample pilot subset contained sev-
eral disproportionately challenging interaction pat-
terns, including emotionally volatile MESC ses-
sions involving therapist-patient conflict, highly
flattened prosody in portions of AvaMERG, and
diagnostically oriented AnnoMI interactions where
therapists adopted instructional rather than overtly
supportive conversational styles. While these cases
remain important components of empathetic evalua-
tion, their relative concentration in the smaller pilot
subset increased annotation ambiguity and inter-
rater variability. Expanding the human-annotated
gold set to 1007 randomly sampled instances from
the full 5,436 pool introduced a broader distribution
of interaction styles, including calmer therapeutic
exchanges, more naturally supportive listener re-
sponses, and speech segments with more human-
like prosodic variability. This broader sampling
reduced the dominance of highly ambiguous edge
cases and produced more stable agreement and
correlation estimates while preserving the bench-
mark’s overall diversity and subjectivity character-
istics.

D.2 Gold and Silver Validity

To evaluate annotation reliability, we measure pair-
wise exact-match (E) and within-one (W1) agree-
ment among three trained human annotators. For
diagnostic comparison, we also report agreement
between human annotators and the Gemini-2.5-Pro
model used during the silver annotation stage. Re-
sults are shown in Table 8.

Exact agreement is consistently higher for con-
versational dimensions such as Emotional Reaction
and Exploration than for speech-based dimensions
including Vocal Warmth, Perceived Genuineness,
and Prosodic Attunement. This difference is ex-
pected, as vocal judgments rely on subtler and more
subjective prosodic cues. Nevertheless, within-one
agreement remains consistently high across all di-
mensions and rater pairs, typically exceeding 90%,
indicating that most disagreements occur between
adjacent ordinal categories rather than reflecting
fundamentally incompatible interpretations.

Human–LLM agreement is broadly comparable
to human–human agreement across multiple di-
mensions, suggesting that the Gemini silver anno-
tations fall within the natural variability of human
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annotation rather than behaving as a systematic out-
lier. Importantly, although within-one agreement
among human annotators frequently exceeds 90%
and high Within-1 agreement is also observed for
several LALMs, as discussed in the main paper,
this metric can remain high under collapsed predic-
tions and is therefore interpreted jointly with Exact
Accuracy and class-conditional analyses.

Overall, these results suggest that the annotation
task is subjective but not arbitrarily noisy: disagree-
ments are common near category boundaries, yet
strongly polarized judgments remain comparatively
rare. This supports the use of ambiguity-aware eval-
uation for fine-grained spoken empathetic response
understanding.

E Dataset Statistics and Label
Distributions

This section reports descriptive statistics of the
datasets used in our experiments, including label
distributions and inter-dimension correlations for
both the silver-annotated training set and the gold
set.

Silver set. The silver-annotated dataset is used
for calibrator training. Figure 7 shows the cor-
relation structure across the six empathy dimen-
sions. Speech-based dimensions exhibit moderate
positive correlations, while text-based dimensions
form a distinct cluster, suggesting partial construct
separation between vocal perception and linguistic
empathy strategies.

Figure 8 presents the label distribution for each
dimension. Labels are defined on a three-point
ordinal scale (0–2). The distributions are imbal-
anced and vary substantially across dimensions.
This imbalance reflects the relative rarity of strong
empathetic behaviors and motivates the use of a
calibrated evaluation framework.

Gold set. Figure 6 illustrates the inter-dimension
correlation structure of the gold subset. Compared
to the silver set, correlations are generally weaker
and more heterogeneous, indicating reduced cou-
pling between dimensions. Spearman correlations
show moderate associations among vocal dimen-
sions and substantially weaker coupling between
vocal and conversational dimensions, supporting
related but non-redundant constructs.

F Prompt Templates for Evaluation

This section documents the prompt format used
to elicit dimension-level empathy judgments from
all evaluated models. Detailed definitions and an-
notation criteria for each empathy dimension are
provided in Appendix B and are not repeated here.
Example is shown in 9.

All dimensions are evaluated on a three-point
ordinal scale (0–2). A holistic empathy judgment
is additionally collected as an auxiliary signal for
exploratory analysis annotated by Gemini-2.5-Pro;
it is not independently validated by multiple human
annotators and is therefore excluded from primary
analysis. The prompt template shown below was
selected to ensure consistent formatting and com-
parability across models.

G Extra Model Result Details

Model Human Model Prediction (%)
0 1 2

Phi-4 0 0.6 40.4 59.0
Phi-4 1 0.3 25.8 73.9
Phi-4 2 0.2 27.4 72.4
Qwen2.5 0 8.2 4.2 87.6
Qwen2.5 1 2.0 8.1 89.9
Qwen2.5 2 0.6 4.7 94.6
Qwen3 0 8.2 9.5 82.3
Qwen3 1 2.0 8.0 90.0
Qwen3 2 0.9 3.0 96.1
Qwen2-Audio 0 1.3 11.5 87.2
Qwen2-Audio 1 0.2 7.0 92.8
Qwen2-Audio 2 1.9 8.6 89.5
Flamingo 0 0.1 4.5 95.4
Flamingo 1 0.4 14.6 84.9
Flamingo 2 0.0 29.8 70.2
Music-Flamingo 0 0.4 36.0 63.7
Music-Flamingo 1 1.9 35.1 63.0
Music-Flamingo 2 0.6 37.0 62.4
GPT-4o 0 42.6 28.8 28.6
GPT-4o 1 8.3 33.7 58.0
GPT-4o 2 4.3 28.5 67.2

Table 10: Complete confusion matrices for all seven
models on the pilot set. Values are row percentages
(sum to 100% across each human label row). GPT-4o is
the only model that utilizes the full scoring range when
human annotations are low (0).Model abbreviations:
GPT-4o = GPT-4o-Audio-Preview; Flamingo = Audio-
Flamingo-3; Qwen3 = Qwen-3-Omni-Flash; Qwen2.5
= Qwen-2.5-Omni; Qwen2-Audio = Qwen-2-Audio-
Instruct; Phi-4 = Phi-4-Multimodal.

G.1 Full Confusion Matrices and correlation
Table 10 presents the complete confusion matrices
for all seven models, showing the distribution of
model predictions conditional on human annota-
tions. Values are percentages (row-normalized),
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Figure 6: Inter-dimension correlation matrix for the gold subset. Compared to the silver set, correlations are weaker
and more heterogeneous, suggesting greater separation between evaluated empathy dimensions.
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Figure 7: Inter-dimension correlation heatmap for the
silver-annotated dataset. Speech-based dimensions
show moderate positive correlations, while text-based
dimensions exhibit a distinct correlation pattern, sug-
gesting differences in annotation behavior across modal-
ities.

with the true label (human judgment) as rows and
model predictions as columns.

The patterns reveal a clear dichotomy: all mod-
els except GPT-4o-Audio-Preview exhibit system-
atic bias toward over-predicting score 2, with many
models assigning the highest score to over 80% of
instances regardless of human judgment. This bias
is most extreme in Flamingo, which predicts score
2 for 95% of instances where humans assigned 0 or
1. GPT-4o alone demonstrates reasonable calibra-
tion, correctly predicting score 2 only 28.6% of the
time when humans assigned 0, and showing more
balanced predictions across all categories.

Table 11 presents the internal correlation ma-
trices for each model across the six empathy di-
mensions. Most models exhibit weak correlations
between dimensions, with values generally close
to zero. In contrast, GPT-4o-Audio-Preview shows
several moderate positive correlations between re-
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Figure 8: Label distribution of the silver-annotated
dataset across the six empathy dimensions. Labels are
defined on a three-point ordinal scale (0–2). Distribu-
tions are imbalanced and vary across dimensions, with
higher scores occurring less frequently.

lated dimensions, indicating stronger internal con-
sistency in its predictions. These results provide
a detailed view of how different models distribute
scores across empathy dimensions.

H Qualitative Case Study Analysis

To illustrate the challenges of multimodal empathy
judgment and diagnose specific failure modes of
current LALMs, we examine three contrasting ex-
amples from our gold evaluation set. These cases
demonstrate systematic patterns in model behavior
that quantitative metrics alone cannot reveal.

H.1 Example 1: AvaMERG

Analysis. In this example, the speaker expresses
frustration through tense prosody and emphatic
stress on “hate,” resulting in high gold scores across
the vocal dimensions (VW=2, PG=2, PA=2). How-
ever, the textual content remains self-focused (“I
hate being late”) and does not attempt to interpret or
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Example 1 Example 2 Example 3
Model ER IT EX ER IT EX ER IT EX
Gold 1 0 0 0 1 0 0 1 0
Phi-4 2 1 2 1 1 2 2 2 2
Qwen2.5 2 2 2 2 2 2 2 2 2
Qwen3 2 2 1 2 2 2 2 2 2
Qwen2-Audio 2 1 2 1 2 2 2 2 2
Flamingo 2 2 2 2 2 2 2 2 2
Music-Flamingo 1 2 2 0 1 2 0 2 2
GPT-4o 2 2 1 0 1 2 2 2 1

Table 11: Conversational-dimension predictions for the three qualitative examples. Cells shaded in gray indicate
predictions matching the gold annotation. ER = Emotional Reaction, IT = Interpretation, EX = Exploration.

Dataset / ID Context Response Gold Scores
AvaMERG
Conv. 1394 Speaker is frustrated about be-

ing late due to carpooling
“I hate being late” VW=2, PG=2, PA=2

ER=1, IT=0, EX=0
Anno-MI
Conv. 21 Therapeutic discussion about

college plans
“So, kind of keeping your options
open.”

VW=1, PG=1, PA=2
ER=0, IT=1, EX=0

MESC
Conv. s01e40_387 Philosophical discussion about

writers controlling characters’
fates

“You wanna write everybody’s
story for them?”

VW=1, PG=2, PA=1
ER=0, IT=1, EX=0

Table 12: Qualitative examples illustrating different empathy configurations across datasets. Example 1 shows
strong vocal empathy with limited textual empathy strategies. Example 2 reflects professional therapeutic reflection
with neutral emotional content. Example 3 demonstrates philosophical inquiry that may be mistaken for emotional
engagement despite limited affective connection.

Prompt Template (Vocal Warmth)

You are evaluating empathetic response
quality.
Speaker previous utterance: "context"
Listener response: "response"
Evaluate ONLY the listener’s VOCAL
WARMTH from the audio.

VOCAL WARMTH scoring rules:
0 = Cold, irritated, dismissive, or emotion-
ally mismatched
1 = Neutral/professional; not warm but not
harmful
2 = Warm, soothing, compassionate; con-
veys emotional support

Return ONLY Score: [0/1/2]

Figure 9: Prompt template for evaluating LALMs in the
Vocal Warmth dimension.

explore the other speaker’s experience, leading to
low textual empathy scores (ER=1, IT=0, EX=0).

Model predictions show mixed performance on
the vocal dimensions. Perceived genuineness and
prosodic attunement are frequently predicted cor-
rectly, while vocal warmth is less consistent across
models.

In contrast, textual dimensions are systemati-
cally overestimated. Nearly all models assign high
scores to Emotional Reaction, Interpretation, and
Exploration, despite the absence of these strategies
in the utterance. No model correctly predicts the
gold values for Interpretation or Exploration.

This example illustrates a common tendency for
models to infer additional empathic engagement
from a short expressive utterance, even when the
text itself does not contain explicit empathic strate-
gies.

H.2 Example 2: Anno-MI

Analysis. The therapist’s response is delivered in a
soft voice with a rising pitch on “kind of,” produc-
ing a reflective conversational tone. The prosody
therefore receives a high gold score (PA=2), while
the overall warmth and genuineness remain moder-
ate (VW=1, PG=1).

Textually, the utterance paraphrases the client’s
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situation (“keeping your options open”), which sup-
ports a score of Interpretation=1, but it does not
explicitly express emotional reaction or encourage
further elaboration (ER=0, EX=0).

Most models assign higher scores to Emotional
Reaction and Exploration, suggesting that reflective
paraphrases are frequently interpreted as stronger
empathic engagement than the annotation guide-
lines specify. Music-Flamingo and GPT-4o cor-
rectly identify the absence of emotional reaction
(ER=0), while most other models assign higher ER
scores.

H.3 Example 3: MESC

Analysis. This response is delivered as a ques-
tion with a rising pitch contour (“You wanna write
everybody’s story for them?”). The tone con-
veys engagement with the topic but relatively lim-
ited warmth, which corresponds to moderate vo-
cal scores in the gold annotation (VW=1, PG=2,
PA=1).

Textually, the utterance challenges the idea under
discussion rather than responding to an emotional
experience. As a result, the gold annotation as-
signs Interpretation=1 while Emotional Reaction
and Exploration remain at 0.

Most models assign substantially higher scores
to Emotional Reaction and Exploration than the
gold annotation specifies. Only Music-Flamingo
correctly predicts ER=0, while no model correctly
predicts Exploration=0. This pattern suggests that
questions engaging with an idea may be interpreted
by models as stronger empathic responses than
intended by the annotation criteria.

H.4 Synthesis of Observed Patterns

The three examples reveal several consistent ten-
dencies in model predictions across different con-
versational settings.

• Systematic overestimation of textual em-
pathy. Across all three cases, models fre-
quently assign higher scores to textual dimen-
sions than the gold annotations specify. In
Example 1, every model over-predicts both
Interpretation and Exploration for a short self-
focused utterance. A similar pattern appears
in Example 3, where Exploration is overes-
timated for a question that engages with an
idea rather than the speaker’s emotional expe-
rience.

• Robust recognition of prosodic engagement.
Prosodic attunement (PA) is often predicted
correctly across models, particularly in Exam-
ples 1 and 2 where the vocal delivery is clearly
expressive or reflective. However, other vocal
dimensions such as warmth show greater vari-
ability, suggesting that models capture general
prosodic engagement more reliably than nu-
anced vocal affect.

• Challenges separating conversational en-
gagement from empathy. Responses that
actively engage with the topic—such as reflec-
tive paraphrases in Example 2 or rhetorical
questions in Example 3—are frequently in-
terpreted as stronger empathic responses than
intended by the annotation guidelines. This
leads to inflated scores on Emotional Reaction
or Exploration even when these strategies are
absent.

Together, these cases illustrate how conversa-
tional style and vocal delivery can influence model
judgments across multiple empathy dimensions.
They also highlight the importance of evaluating
vocal and textual components separately, as the
two modalities may convey different aspects of
empathic behavior.

I Reasoning-Aligned Evaluation
Framework (Exploratory)

Large Audio Language Models (LALMs) can be
sensitive to prompt formatting and instruction-
following variations, sometimes producing outputs
that deviate from the required response format
(Yang et al., 2025). In subjective tasks such as
empathy evaluation, these inconsistencies make
it difficult to directly recover a model’s intended
ordinal judgment from its textual response.

Exploratory Prompt and Context Sensitivity
Analysis Here we report the effect of differ-
ent prompt designs effects on LALMs. We only
chooses models that can handle long instruction
and can produce formatted response. Models in-
clude Qwen-2.5-Omni, Qwen-3-Omni-Flash and
Gemini-2.5-Pro. GPT-4o-Audio-Preview is ex-
cluded due to occasional error of "I cant listen
to audio so i can not provide help". Under this
settings we instruct models to score all dimen-
sions in a single output instead of separately to
save computational cost. Since this ablation con-
tains multiturn and few shot and long speaker audio
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as extra context, long instruction following ability
is a must, which motivate our decision of using
combine prompt for this ablation. From table 13,
14, 15 we observe no strong differences in results
across different condition, this is expected because
our task focus on listener response evaluation that
rely little on context understanding.

Instruction-Following Limitations. We also re-
port results across 3 prompt condition(Output ev-
ery dimension at once, output each dimension
separately, reason first before output score). All
evaluated models occasionally fail to produce the
required score+rationale format, generating only
scores, only rationales, or malformed responses
(Table 18), while output every dimension at once
works for the selected models, they still has occa-
sional failure and output null value, overall only
output each dimension separately can ensure high
validity output, we also observe that these two con-
dition has small difference in most dimensions but
has significant variation in emotional reaction for
Qwen-series 16. Phi-4-Multimodal shows the high-
est recoverability rate (90.2%), while other mod-
els exhibit more frequent formatting inconsisten-
cies (e.g., Qwen-2.5-Omni: 16.1%). Prior work
addresses such issues by using multiple prompt
variants (Wang et al., 2025a); instead, we apply
calibration to normalize outputs.

This calibration step substantially increases the
number of usable samples by recovering predic-
tions that would otherwise be discarded. Impor-
tantly, as shown in Table 19 and Table 20, calibra-
tion does not materially change performance trends
across models or empathy dimensions. Rather, it
acts as a normalization step that preserves model
behavior while improving evaluation coverage.

To study this issue, we explore a reasoning-
aligned evaluation framework that attempts to re-
cover structured scores from model outputs through
a two-stage process (Figure 10). This framework is
presented as an exploratory analysis and is not used
for the primary evaluation reported in the main pa-
per, where results are computed directly from nor-
malized model outputs. Instead, it examines how
model reasoning could be aligned with structured
scoring in future multimodal evaluation.

The framework consists of two sequential stages:
output normalization and calibration.

First, we perform output normalization and re-
coverability analysis to extract any directly recov-
erable numeric signal independent of accompany-

ing rationales. Let s(k)i denote the raw output for
empathy dimension k on instance i. We define a
deterministic normalization function Nraw : S →
{0, 1, 2,NaN} that operates as follows. Here, NaN
denotes an unrecoverable output, corresponding to
cases where no unique ordinal score can be de-
terministically extracted from the model response.
For discrete inputs where s

(k)
i ∈ {0, 1, 2}, we pre-

serve the value: Nraw(s
(k)
i ) = s

(k)
i . For continuous

numeric inputs, we discretize using fixed thresh-
olds:

Nraw(s
(k)
i ) = 1(s

(k)
i ≥ 0) + 1(s

(k)
i ≥ 1.5),

where 1(·) is the indicator function, and values
greater than 2 are clipped to 2. For textual inputs,
we search for numeric tokens in {0, 1, 2}: if exactly
one such token n is found, we set Nraw(s

(k)
i ) = n;

otherwise, Nraw(s
(k)
i ) = NaN.

The proportion of non-NaN outputs after this
step defines the recoverability rate, which measures
basic instruction-following success. Importantly,
this normalized score is used only for recoverability
analysis, not for final performance evaluation.

Calibration To enable consistent comparison
across models, we fine-tune Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023a) as a calibration model
that converts model reasoning into structured em-
pathy scores. Similar to approaches that train
LLMs as judges with reasoning alignment (Chi-
ang et al., 2025), we adopt a training-based method
rather than relying on API-based evaluators (Yang
et al., 2024). This allows learning domain-specific
mappings between reasoning patterns and ordinal
scores while ensuring full evaluation reproducibil-
ity.

We define a calibration function:

Cθ(s(k)i ) = fθ(t
(k)
i ) ∈ {0, 1, 2},

where t
(k)
i denotes the textual content of s(k)i , and

fθ is a fine-tuned Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023a) that maps from a model’s full tex-
tual output (including any scores or rationales) to a
coherent ordinal score. We train fθ on 5,436 silver-
standard samples (annotated by Gemini-2.5-Pro),
achieving more than 95% accuracy on a held-out
validation set, confirming its reliability in recov-
ering intended judgments. Training uses default
model hyperparameters.
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Speech-Based Dimensions Text-Based Dimensions
Model Vocal Warmth Genuineness Prosody Emotional Interpretation Exploration

Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1
Qwen2.5(Audio) 0.227 0.748 0.257 0.515 0.227 0.727 0.612 0.952 0.467 0.817 0.511 0.825
Qwen2.5(Audio+Text) 0.476 0.945 0.732 0.940 0.497 0.937 0.092 0.319 0.358 0.573 0.316 0.916
Qwen3(Audio) 0.071 0.534 0.068 0.248 0.090 0.524 0.812 0.947 0.547 0.663 0.566 0.789
Qwen3(Audio+Text) 0.544 0.973 0.643 0.944 0.522 0.963 0.128 0.592 0.367 0.733 0.524 0.901
Gemini(Audio) 0.501 0.959 0.681 0.917 0.501 0.944 0.370 0.847 0.358 0.832 0.560 0.869
Gemini(Audio+Text) 0.584 0.978 0.732 0.959 0.560 0.961 0.423 0.854 0.465 0.803 0.683 0.890

Table 13: Dimension-wise accuracy across six empathy dimensions and different listener ablation. Dimensions are
grouped into speech-level (Vocal Warmth, Perceived Genuineness, Prosodic Attunement) and text-level dimensions
(Exploration, Interpretation, Emotional Reaction). Abbreviations: Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 =
Qwen-2.5-Omni; Gemini=Gemini-2.5-Pro; Genuineness=Perceived Genuineness; Prosody=Prosodic Attunement

Speech-Based Dimensions Text-Based Dimensions
Model Vocal Warmth Genuineness Prosody Emotional Interpretation Exploration

Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1
Qwen3(None) 0.532 0.976 0.653 0.942 0.532 0.963 0.180 0.750 0.366 0.755 0.520 0.888
Qwen3(Text) 0.544 0.973 0.643 0.944 0.522 0.963 0.128 0.592 0.367 0.733 0.524 0.901
Qwen3(Audio) 0.511 0.971 0.649 0.929 0.518 0.960 0.159 0.732 0.402 0.759 0.500 0.880
Qwen3(Audio+Text) 0.582 0.990 0.702 0.949 0.543 0.961 0.157 0.748 0.416 0.819 0.543 0.883
Qwen2.5(None) 0.490 0.936 0.745 0.936 0.493 0.921 0.069 0.260 0.347 0.517 0.323 0.907
Qwen2.5(Text) 0.477 0.939 0.647 0.909 0.466 0.918 0.121 0.455 0.320 0.656 0.438 0.934
Qwen2.5(Audio) 0.521 0.972 0.741 0.932 0.518 0.962 0.096 0.500 0.357 0.705 0.416 0.900
Qwen2.5(Audio+Text) 0.579 0.979 0.699 0.944 0.581 0.938 0.105 0.545 0.397 0.786 0.479 0.917
Gemini(None) 0.615 0.902 0.767 0.954 0.586 0.964 0.372 0.839 0.414 0.752 0.689 0.925
Gemini(Text) 0.422 0.878 0.222 0.767 0.289 0.811 0.422 0.844 0.333 0.856 0.889 1
Gemini(Audio) 0.623 0.981 0.754 0.961 0.563 0.978 0.345 0.842 0.429 0.767 0.653 0.903
Gemini(Audio+Text) 0.614 0.979 0.757 0.963 0.578 0.968 0.412 0.876 0.468 0.782 0.648 0.884

Table 14: Dimension-wise accuracy across six empathy dimensions and different speaker content. Dimensions are
grouped into speech-level (Vocal Warmth, Perceived Genuineness, Prosodic Attunement) and text-level dimensions
(Exploration, Interpretation, Emotional Reaction). Abbreviations: Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 =
Qwen-2.5-Omni; Gemini=Gemini-2.5-Pro; Genuineness=Perceived Genuineness; Prosody=Prosodic Attunement

Models Reasoning qualitative analysis. The
qualitative examples( 17) suggest that stronger
LALMs produce more dimension-sensitive and
contextually grounded rationales compared to
weaker models, which frequently rely on surface-
level acoustic descriptions. However, several
strong models still exhibited upward calibration
bias, assigning highly positive empathy scores even
when their own explanations described only moder-
ate warmth or expressiveness. These observations
are consistent with our quantitative findings on par-
tial relational sensitivity alongside persistent score
inflation.
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Speech-Based Dimensions Text-Based Dimensions
Model Vocal Warmth Genuineness Prosody Emotional Interpretation Exploration

Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1
Qwen2.5(Singleturn) 0.476 0.945 0.732 0.940 0.497 0.937 0.092 0.319 0.358 0.573 0.316 0.916
Qwen2.5(Multiturn) 0.493 0.942 0.706 0.932 0.503 0.926 0.090 0.346 0.352 0.567 0.288 0.745
Qwen3(Singleturn) 0.544 0.973 0.643 0.944 0.522 0.963 0.128 0.592 0.367 0.733 0.524 0.901
Qwen3(Multiturn) 0.581 0.973 0.674 0.939 0.552 0.966 0.164 0.662 0.397 0.711 0.506 0.911
Gemini(Singleturn) 0.584 0.978 0.732 0.959 0.560 0.961 0.423 0.854 0.465 0.803 0.683 0.890
Gemini(Multiturn) 0.567 0.973 0.762 0.954 0.526 0.951 0.327 0.831 0.428 0.717 0.675 0.893

Table 15: Dimension-wise accuracy across six empathy dimensions and different conversation turn ablation.
Dimensions are grouped into speech-level (Vocal Warmth, Perceived Genuineness, Prosodic Attunement) and text-
level dimensions (Exploration, Interpretation, Emotional Reaction). Abbreviations: Qwen3 = Qwen-3-Omni-Flash;
Qwen2.5 = Qwen-2.5-Omni; Gemini=Gemini-2.5-Pro; Genuineness=Perceived Genuineness; Prosody=Prosodic
Attunement

Speech-Based Dimensions Text-Based Dimensions
Model Vocal Warmth Genuineness Prosody Emotional Interpretation Exploration

Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1 Exact ±1
Qwen2.5(Combined) 0.476 0.945 0.732 0.940 0.497 0.937 0.092 0.319 0.358 0.573 0.316 0.916
Qwen2.5(Separate) 0.456 0.920 0.505 0.809 0.473 0.915 0.349 0.816 0.447 0.779 0.553 0.930
Qwen3(Combined) 0.544 0.973 0.643 0.944 0.522 0.963 0.128 0.592 0.367 0.733 0.524 0.901
Qwen3(Separated) 0.414 0.912 0.635 0.902 0.436 0.919 0.343 0.752 0.329 0.750 0.338 0.813

Table 16: Dimension-wise accuracy across six empathy dimensions across two prompting methods. Dimensions are
grouped into speech-level (Vocal Warmth, Perceived Genuineness, Prosodic Attunement) and text-level dimensions
(Exploration, Interpretation, Emotional Reaction). Abbreviations: Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 =
Qwen-2.5-Omni; Gemini=Gemini-2.5-Pro; Genuineness=Perceived Genuineness; Prosody=Prosodic Attunement

Model Dimension Generated Rationale
Audio Flamingo Prosodic At-

tunement
“The speaker’s prosody is very monotone, robotic, and awkward, with a very slow
pace and unnatural phrasing. The delivery lacks any expressive inflection, making it
sound like a textbook reading rather than a natural conversation.”

Qwen3-Omni Vocal Warmth “The listener’s tone is light and amused, with a soft, conversational quality that
suggests genuine engagement. Their vocal warmth is warm and soothing, conveying
empathy and shared amusement without being overly effusive.”

Qwen-Audio Perceived Gen-
uineness

“The speaker’s voice is perceived as genuine. The delivery seems spontaneous and
earnest, reflecting a heartfelt and sincere expression of fear and surprise. There’s no
evidence of sarcasm, mocking, or performative speech.”

Qwen2.5-Omni Prosodic At-
tunement

“The speaker’s prosody is characterized by a natural yet slightly hesitant pace,
with moderate vocal expressiveness that conveys reassurance mixed with concern.”
Despite this restrained characterization, the model assigned the maximum score of 2.

Table 17: Representative free-form rationales generated by different LALMs for speech-based empathy dimensions.
Weaker models often focused on surface acoustic properties (e.g., monotonicity or robotic delivery), while stronger
models produced more relational and context-sensitive explanations. However, stronger models also occasionally
exhibited calibration inflation by assigning maximal empathy scores despite relatively moderate qualitative descrip-
tions.

Speech Dimensions Text Dimensions Sample
Model Warmth Genuine. Attune. Exploration Interpret. Emotion Min
Qwen-3-Omni-Flash 171 296 318 338 366 326 171
Qwen-2.5-Omni 305 347 315 372 375 61 61
Qwen-2-Audio-Instruct 155 331 345 359 313 367 155
Audio-Flamingo-3 355 358 121 354 360 363 121
Music-Flamingo 378 378 378 378 378 378 378
Phi-4-Multimodal 342 353 339 376 379 379 342
GPT-4o-Audio-Preview 298 301 302 304 304 304 298

Table 18: Number of recoverable evaluation samples per model and empathy dimension on a 379 gold subset.
Counts reflect successful extraction of dimension-level scores under the standardized prompt format. The Min
column reports the minimum number of recoverable samples across dimensions for each model.
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Dimension Phi-4 Qwen2.5 Qwen3 Qwen2-Audio Flamingo
Vocal Warmth 0.515 → 0.515 0.279 → 0.338 0.281 → 0.266 0.234 → 0.237 0.225 → 0.243
Perceived Genuineness 0.480 → 0.398 0.569 → 0.575 0.490 → 0.567 0.548 → 0.551 0.402 → 0.264
Prosodic Attunement 0.156 → 0.158 0.197 → 0.211 0.174 → 0.158 0.154 → 0.174 0.587 → 0.338
Emotional Reaction 0.187 → 0.288 0.137 → 0.158 0.147 → 0.187 0.161 → 0.145 0.140 → 0.164
Exploration 0.053 → 0.058 0.191 → 0.190 0.228 → 0.222 0.043 → 0.042 0.037 → 0.079
Interpretation 0.153 → 0.164 0.115 → 0.127 0.123 → 0.134 0.148 → 0.137 0.119 → 0.172

Table 19: Exact accuracy before and after calibration (shown as before → after). Calibration slightly adjusts
model predictions but does not substantially alter the relative performance trends across dimensions. In particular,
perceived genuineness and vocal warmth remain the strongest dimensions, while exploration and interpretation
remain consistently difficult for all models. Model abbreviations: GPT-4o = GPT-4o-Audio-Preview; Flamingo =
Audio-Flamingo-3; Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 = Qwen-2.5-Omni; Qwen2-Audio = Qwen-2-Audio-
Instruct; Phi-4 = Phi-4-Multimodal. Genuineness=Perceived Genuineness

Dimension Phi-4 Qwen2.5 Qwen3 Qwen2-Audio Flamingo
Vocal Warmth 0.918 → 0.910 0.836 → 0.860 0.784 → 0.850 0.827 → 0.826 0.825 → 0.826
Perceived Genuineness 0.930 → 0.844 0.957 → 0.955 0.933 → 0.950 0.939 → 0.950 0.966 → 0.649
Prosodic Attunement 0.876 → 0.865 0.886 → 0.897 0.854 → 0.868 0.868 → 0.873 0.992 → 0.882
Emotional Reaction 0.707 → 0.710 0.403 → 0.420 0.497 → 0.525 0.435 → 0.451 0.377 → 0.397
Exploration 0.521 → 0.522 0.644 → 0.646 0.645 → 0.644 0.508 → 0.512 0.511 → 0.541
Interpretation 0.728 → 0.728 0.279 → 0.298 0.303 → 0.340 0.499 → 0.491 0.294 → 0.324

Table 20: One-off accuracy before and after calibration. Similar to exact accuracy, calibration does not substantially
change the overall trend: models remain consistently close to the human ratings within one scale point, while
the relative difficulty ordering of the six empathy dimensions remains largely unchanged. Model abbreviations:
GPT-4o = GPT-4o-Audio-Preview; Flamingo = Audio-Flamingo-3; Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 =
Qwen-2.5-Omni; Qwen2-Audio = Qwen-2-Audio-Instruct; Phi-4 = Phi-4-Multimodal. Genuineness=Perceived
Genuineness

Figure 10: Overview of the multidimensional empathy annotation and reasoning-aligned evaluation pipeline. Large-
scale silver annotations are generated by Gemini-2.5-Pro with scores and rationales, while a human-annotated
subset forms a gold dataset. A calibrator model is fine-tuned to infer empathy scores from rationales, enabling
normalization and correction of LALM outputs that exhibit prompt sensitivity or instruction-following errors.
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Figure 11: Internal Model Correlation. Model abbreviations: GPT-4o = GPT-4o-Audio-Preview; Flamingo = Audio-
Flamingo-3; Qwen3 = Qwen-3-Omni-Flash; Qwen2.5 = Qwen-2.5-Omni; Qwen2-Audio = Qwen-2-Audio-Instruct;
Phi-4 = Phi-4-Multimodal. Genuineness=Perceived Genuineness.
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Model Dimension Exact Accuracy Within-1 Accuracy
AudioFlamingo Emotional Reaction 72.8[70.0,75.7] 91.6[89.7,93.4]

Exploration 52.1[49.0,55.2] 81.3[78.9,83.7]

Interpretation 53.3[50.0,56.4] 67.2[64.5,70.2]

Perceived Genuineness 56.9[53.8,60.1] 86.3[84.1,88.7]

Prosodic Attunement 41.1[37.7,44.2] 87.6[85.4,89.8]

Vocal Warmth 36.3[33.2,39.2] 88.1[86.0,90.1]

GPT4o Emotional Reaction 57.1[53.7,60.1] 93.5[91.9,94.9]

Exploration 38.7[35.6,41.8] 80.0[77.4,82.5]

Interpretation 39.2[36.2,42.1] 72.1[69.3,74.8]

Perceived Genuineness 51.3[48.3,54.4] 95.0[93.6,96.2]

Prosodic Attunement 38.9[35.9,42.1] 91.0[89.2,92.8]

Vocal Warmth 46.3[43.2,49.4] 93.5[92.0,95.0]

MusicFlamingo Emotional Reaction 73.7[70.8,76.5] 95.8[94.3,97.1]

Exploration 69.9[66.9,72.9] 96.0[94.7,97.2]

Interpretation 70.8[67.9,73.8] 92.2[90.5,93.9]

Perceived Genuineness 27.4[24.6,30.3] 81.9[79.4,84.2]

Prosodic Attunement 82.1[79.7,84.6] 99.0[98.3,99.5]

Vocal Warmth 24.8[22.1,27.5] 77.0[74.4,79.7]

Qwen2.5 Emotional Reaction 33.6[30.5,36.6] 81.4[79.0,83.8]

Exploration 49.8[46.7,53.0] 86.7[84.5,88.7]

Interpretation 44.6[41.3,47.7] 77.5[74.8,80.1]

Perceived Genuineness 53.0[49.9,56.0] 95.2[93.8,96.5]

Prosodic Attunement 30.3[27.3,33.2] 84.2[81.9,86.4]

Vocal Warmth 62.8[59.8,65.9] 95.5[94.1,96.8]

Qwen2-Audio Emotional Reaction 22.1[19.4,24.7] 98.9[98.2,99.5]

Exploration 20.2[17.7,22.8] 98.4[97.5,99.1]

Interpretation 17.2[14.8,19.6] 98.3[97.4,99.0]

Perceived Genuineness 0.9[0.3,1.5] 99.9[99.7,100.0]

Prosodic Attunement 1.1[0.4,1.9] 99.0[98.4,99.6]

Vocal Warmth 0.3[0.0,0.7] 99.8[99.5,100.0]

Qwen3.0 Emotional Reaction 50.5[47.3,53.7] 86.0[83.8,88.2]

Exploration 49.7[46.6,52.8] 81.6[79.2,84.1]

Interpretation 42.3[39.1,45.4] 68.6[65.7,71.5]

Perceived Genuineness 47.0[43.8,50.1] 89.7[87.7,91.5]

Prosodic Attunement 39.4[36.4,42.5] 88.7[86.6,90.7]

Vocal Warmth 53.8[50.6,56.9] 89.9[87.9,91.7]

Gemini-2.5-Pro Emotional Reaction 87.3[85.4,89.2] 98.4[97.6,99.2]

Exploration 87.5[85.4,89.5] 98.2[97.4,99.0]

Interpretation 83.7[81.4,85.9] 94.7[93.4,96.0]

Perceived Genuineness 80.0[77.9,82.5] 98.5[97.8,99.2]

Prosodic Attunement 75.5[73.0,78.1] 97.1[96.0,98.1]

Vocal Warmth 79.3[76.9,81.8] 98.4[97.6,99.1]

Table 21: Exact Accuracy and Within-1 Accuracy on the full evaluation set using majority-vote labels. Values in
brackets denote 95% bootstrap confidence intervals estimated from 1000 resamples.
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Figure 12: Distribution of acoustic features across human-annotated vocal empathy scores (0–2) on the a portion
of the gold evaluation set (n = 379). Violin plots illustrate how prosodic properties such as pitch variability,
intensity, and speaking rate vary with perceived Vocal Warmth, Perceived Genuineness, and Prosodic Attunement.
Observable distributional shifts across score levels indicate that the annotated vocal empathy dimensions correspond
to measurable acoustic patterns rather than arbitrary labels.
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