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Abstract

While the automatic evaluation of omni-modal
large models (OLMs) is essential, assessing
empathy remains a significant challenge due
to its inherent affectivity. To investigate this
challenge, we introduce AEQ-BENCH (Au-
dio Empathy Quotient Benchmark), a novel
benchmark to systematically assess two core
empathetic capabilities of OLMs: (i) gener-
ating empathetic responses by comprehend-
ing affective cues from multi-modal inputs (au-
dio + text), and (ii) judging the empathy of
audio responses without relying on text tran-
scription. Compared to existing benchmarks,
AEQ-BENCH incorporates two novel settings
that vary in context specificity and speech
tone. Comprehensive assessment across lin-
guistic and paralinguistic metrics reveals that
(1) OLMs trained with audio output capabili-
ties generally outperformed models with text-
only outputs, and (2) while OLMs align with
human judgments for coarse-grained quality as-
sessment, they remain unreliable for evaluating
fine-grained paralinguistic expressiveness.

Y. AEQ-Bench

1 Introduction

Empathy is the ability to understand, share, and
respond to the feelings and experiences of an-
other person by taking their perspective (Szalita,
1976)—essentially, to “put oneself in another’s
shoes”. It is crucial for NLP models to gain such
capabilities for providing positive user experiences
during interactions with humans. This need is be-
coming more pressing yet challenging as omni-
modal large models (OLMs) become the popular
backbone, which integrate modalities such as au-
dio, vision, and text to enable more human-like
interactions (Wu et al., 2023; Yin et al., 2024).
While OLMs grow in complexity, the automatic
evaluation of empathy becomes crucial for training
paradigms like reinforcement learning. However,

this task is non-trivial, as empathy is inherently
affective. Consequently, establishing a benchmark
to quantify nuanced emotional resonance across au-
dio and textual modalities remains a significant
open challenge. Most existing benchmarks fo-
cus on cognitive abilities, such as knowledge re-
trieval, complex reasoning, and instruction follow-
ing (Yue et al., 2024; Zhang et al., 2025c¢) (see
Fig. 1), largely overlooking empathy evaluation.
As OLMs become increasingly human-like, we aim
to benchmark their capacity to generate empathetic
responses and judge empathy in diverse contexts.

Human communication conveys empathy
through not only the linguistic content of what is
said but also the paralinguistic tone of how it is
said. For instance, the utterance “It was a curious
coincidence” implies genuine surprise or delight
when delivered with warmth. However, a cool,
sarcastic delivery of the same words suggests
scepticism or criticism. To be truly effective, an
OLM should understand and generate both the
right words and the appropriate acoustic cues.

Previous NLP research has prioritised linguistic
features (e.g., lexical choice and explicit emotional
statements) for empathy, while paralinguistic cues
(e.g., prosody and acoustic delivery) are equally
critical for audio-capable OLMs (Aziz-Zadeh et al.,
2010). However, a significant research gap per-
sists in their joint examination. Recent studies re-
duced audio to mere transcriptions (Wang et al.,
2025) in order to rely on established text-based
metrics (Zhang et al., 2025a), ignoring the nuances
of vocal delivery. This limitation presents a funda-
mental question: Can OLMs automatically deliver
and judge empathy by accounting for both linguis-
tic and paralinguistic cues like human?

To answer this question, we introduce AEQ-
BENCH, a benchmark designed to assess the em-
pathic responsiveness and judgment capabilities
of OLMs. It comprises 1,885 English instances,
each pairing an audio utterance with a concise tex-
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Figure 1: Overview of omni-modal tasks: instruction following (a & b) and conversation (¢ & d). The input
configurations are: (a) audio content with textual instruction; (b) audio instruction with text, audio, or image content;
(c) unimodal dialogue; and (d) mixed-modality dialogue (demonstrated by AEQ-BENCH on the MELD subset). In
the mixed-modality setting, the text provides context (e.g., chat history summary) for the current audio utterance,
requiring the model to respond accordingly. Outputs across all tasks may be text, audio, or both.

tual context. It overcomes the limitations of ex-
isting empathetic dialogue evaluations, which lack
multimodality (see Fig. 1) and parallel comparisons
(over varying contexts and acoustic tones). There
exhibits two novel design strategies: (i) Contextual
Variation, where distinct background contexts are
applied to the same utterance to alter its pragmatic
meaning (Fig. 2); and (ii) Tonal Variation, where
identical contexts are paired with the same utter-
ance delivered in varying emotional tones to shift
user intent (Fig. 3). To the best of our knowledge,
AEQ-BENCH is the first benchmark to jointly ex-
amine linguistic and paralinguistic empathy via
parallel contexts and acoustic tonal variations.
We then conducted an extensive evaluation on
AEQ-BENCH, benchmarking current state-of-the-
art OLMs on their ability to generate empathetic
responses and judge generations from other models
compared to human evaluators. This assessment
covered seven dimensions designed to comprehen-
sively measure both linguistic and paralinguistic
features: modality reliance, naturalness, coher-
ence, supportiveness, discrimination, and delivery.
Experimental results demonstrate that OLMs
trained with audio output capabilities generally out-
perform those limited to text-only output. GPT
produced the most human-like and empathetic nar-
ratives, followed closely by Qwen-Omni. These
findings underscore the value of integrating text and
audio for learning empathy. However, while OLMs
align with human judgment on coarse-grained
tasks, they remain unreliable for fine-grained emo-
tional evaluation. Specifically, the models lack

paralinguistic empathy, often delivering flat speech,
and OLM-based judges diverge significantly from
human perception regarding emotional prosody.
Consequently, generating and evaluating expres-
sive empathetic tone remains an open challenge.

2 Related Work

Empathy and Emotional Intelligence. @ Em-
pathy is widely defined as the ability to perceive,
understand, and respond to another individual’s
emotional states. It is fundamental for satisfactory
and effective conversational communication (Sza-
lita, 1976). Empathy in dialogue has been studied
in text through datasets and frameworks that an-
notate empathic responses and strategies. EMPA-
THETICDIALOGUES introduced 25k conversations
grounded in emotional situations for empathic re-
sponse generation (Rashkin et al., 2019). Work in
mental-health support provides theory-grounded
taxonomies and labelled corpora to detect and anal-
yse empathy mechanisms in text (Sharma et al.,
2020). With the development of LLMs, automatic
evaluation of response empathy is available (Zhang
et al., 2025a). For generated audio responses, it re-
mains confined to the text modality empathy evalu-
ation, converting the audio content into text (Wang
et al., 2025). In contrast, we evaluate the potential
of OLMs as automatic judges directly on the au-
dio response, in order to study empathy from both
linguistic and paralinguistic perspectives.

Paralinguistic Research and Audio Cues. Hu-
man language is generally split into the verbal chan-
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Figure 2: The constructed GIGASPEECH subset of AEQ-BENCH featuring context variation. For each utterance,
we construct two plausible contexts, each associated with a corresponding reference response. (Appx. D)
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Figure 3: The constructed Emovdb subset of AEQ-BENCH with fone variation. The middle part is the constructed
context and the original audio. The utterances with different emotions/tones share the same context. Each audio tone
(amused, disgusted, angry, and neutral) has a plausible explanation for its context and a corresponding response.

nel (the semantic content or chosen words) and the
vocal channel (the non-semantic delivery (Trager,
1958). Paralinguistic features belong to this vo-
cal channel, conveying emotional meaning through
prosody, which is variations in pitch, loudness, tim-
bre, speech rate, and pauses. These paralinguistic
cues are indispensable for empathetic communica-
tion (Loveys et al., 2021) because they can drasti-
cally alter the meaning of verbal content, such as in
the case of sarcasm, or reveal emotional states that
text transcription alone cannot capture. MFCCs
(Mel-Frequency Cepstral Coefficients) (Davis and
Mermelstein, 1990), for instance, capture the char-
acteristics of the sound that are most discernible
to the human ear. MELD (Poria et al., 2019) and
IEMOCAP (Busso et al., 2008) are widely used
benchmark for SER. EMOV-DB (Adigwe et al.,
2018) is an emotional speech dataset used for

synthesis and generation purposes, offering var-
ied content in different tones delivered by both
male and female voices. Furthermore, specialised
datasets, such as VocalSound (Gong et al., 2022),
provide collections of non-lexical human vocal-
isations, including laughter and sighs, to train
and evaluate models across a broader range of
human-voice acoustics. For multimodal dialogue,
the evaluation on generated audio quality is con-
ducted by human listeners rating the naturalness
or quality of the speech (Zhang et al., 2025b; Xu
et al., 2025a; Du et al., 2024), using Mean Opin-
ion Score (MOS) (Viswanathan and Viswanathan,
2005). However, OLMs’ sensitivity to paralinguis-
tic perception, such as tone and emotions, remains
underexplored. AEQ-BENCH fills the gaps by set-
ting the dialogue with both text and human audio,
thereby evaluating the multi-modal empathetic con-
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Subset Source Language Core Contribution Length
MELD TV Series Colloquial Daily Conversational Emotion 18, 30
EMoOV-DB Studio recording Literary Explicit Emotional Range 10, 20
GIGASPEECH | Streaming content  Formal Domain Diversity, Acoustic Variability 22, 17

Table 1: Contribution of each data source to AEQ-BENCH. EMOV-DB and MELD primarily contain audios with
clear emotions. Length is the average words of the utterances and generated contexts in AEQ-BENCH.

Source #Audio #Context Total
MELD 281 (x3)843 843
GIGASPEECH 303 (x2) 606 606
EMoV-DB (x4) 436 109 436
Total 1,020 1,558 1,885

Table 2: Statistics of AEQ-BENCH. There are 1,885
English instances, each pairing an audio utterance with
a textual context. (xn) means the number at the cell is
n times to the neighbouring number at the same row.

versation ability and investigating the feasibility of
automatic speech evaluation using OLMs.

3 AEQ-BENCH Benchmark

3.1 Benchmark Design

Empathy broadly refers to our reaction to the ex-
periences of others. It has two major components:
1) Cognitive empathy, defined as the process of
understanding another person’s perspective! and
2) Affective empathy, also called emotional empa-
thy, defined as an observer’s emotional response to
the affective state of others (Davis, 1983).

AEQ-BENCH for evaluating OLMs’ empathy
is constructed from three complementary datasets:
MELD (Poria et al., 2019), GIGASPEECH (Chen
etal., 2021), and EMOV-DB (Adigwe et al., 2018).
They span the critical dimensions of real-world
communication: contextual dialogue, domain di-
versity, and explicit emotional expression.” The
contexts are constructed in reverse according to the
Utterance. The features of each data source are
present in Table 1 and the composition is listed in
Table 2. It is classified into two types (985 chatting
+ 900 asking for help) and 6 topics (Appx. Table 8).

AEQ-BENCH covers two complementary evalu-
ation tasks, as illustrated in Fig. 2 and 3:

'In real human interaction, most daily conversations are
informational or neutral. In these settings, empathy is ex-
pressed not through emotional mirroring but through help-
fulness, perspective-taking, alignment with the interlocutor’s
goals, and context-appropriate support.

2We exclusively employ human speech to ensure natural
paralinguistic variability (e.g., accents, prosody), a complexity
absent in stable synthesised voices.

1) Same utterance, different contexts. The first
type of data focuses on the same utterance audio
used in different contexts (A—Cs), where back-
ground framing shifts its interpretation. For ex-
ample, the statement “Then just give him some
money” could occur in a discussion about support-
ing a struggling relative, implying personal aid, or
in a conversation about backing a political candi-
date, suggesting financial sponsorship. Despite the
identical wording, the empathic strategies required
are very different. (See the example in Fig. 5).

2) Same context, different utterances. The sec-
ond type of data involves the same context and
utterance audio in different emotional tones (C-
As). Although the literal words remain identical,
the affective delivery changes the underlying mean-
ing. For instance, an angry “Sometimes you really
need to quarrel to solve problems™ conveys frustra-
tion and a need for validation, whereas the same
sentence spoken calmly suggests a pragmatic and
constructive view of conflict. Models should recog-
nise the emotional signal and adjust their response
style accordingly. (See the example in Fig. 6).

3.2 Benchmark Construction

Our benchmark is constructed in three steps:

1) Audio Filtering. Because our benchmark fo-
cused on empathy evaluation, we filtered out sce-
narios of (i) Physical actions, (ii) Mathematical
reasoning or complex task completion, and (iii)
Targeting real people. More details are in Appx. F.

2) Contexts Generation. We adopted GPT to
frame different contexts for the retained data.

e A—Cs evaluate the ability to associate a spe-
cific context. MELD and GIGASPEECH both have
one specific audio for each utterance. MELD are
daily short colloquial conversations that could fit in
various contexts. GIGASPEECH are more domain-
specific and formal ones, restricting their flexibility.
Therefore, we set 3 contexts for each MELD audio
and 2 contexts for each GIGASPEECH audio.

e C-As evaluate the hearing ability of models.
Different tones reflect the speaker’s different at-
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titude towards the same context, which requires
models to infer the speaker’s role or standpoint
given a specific context. EMOV-DB recorded ut-
terances with different explicit emotions. Here, we
set only one context for all the different tones.

3) Quality Validation. To further validate the
data quality of AEQ-BENCH, we first prompted
GPT to generate a plausible explanation for why
the context and utterance are coherent and pro-
vide a reference response. Then, human annotators
manually verified that each constructed context is
coherent.® Specifically, they checked: (i) The con-
text plausibly leads to the audio. (ii) For A—Cs, the
contexts are semantically different; For C-As, all
the emotions are explainable in such contexts.

3.3 Evaluation Metrics

We evaluate from two aspects: linguistic and par-
alinguistic. modality reliance, naturalness, coher-
ence, supportiveness, and discrimination are eval-
uated as linguistic features. For paralinguistic, we
focus on delivery.* Model judges are shown in
Table 3 and more details in Appx. G and H.

Judge | Modality Metrics
GPT-5 Text M.R., Nat., Disc.
OLMs Audio Coh., Sup., Delivery

Table 3: The automatic judges for evaluation metrics.

e Modality Reliance (M.R.): Which modality
does the model rely on to generate the response?

o Coherence (Coh.): Is the response logically
consistent to the context and utterance? (semantic
check for (Good, Fair, Poor)) (Ickes et al., 2000).

e Naturalness (Nat.): How natural is the re-
sponse? More human-like responses have higher
scores with the range (1-4) (Kiihne et al., 2020).

e Discrimination (Disc.): Across different con-
texts/tones, do the model responses vary? Higher
scores are for those tailored for context/tone with
the range (NA, 1-6) (Ickes et al., 2000).

e Supportiveness (Sup.) : Imagine yourself in
this situation. How supportive does the response
feel? Here, we consider acknowledgment of feel-
ings, perspective-taking, supportive intent (com-
fort/encouragement/help), and non-judgmental lan-
guage for (Good, Fair, Poor) (Rogers, 1957).

e Delivery: How supportive the response
sounds? Here we consider the tone of voice, pac-

3More annotation details are discussed in Appx. F.
*We also attempted to evaluate paralinguistic emotions, yet
it cannot work. We discussed details in the Limitation section.

ing, pauses, etc., for (Good, Fair, Poor) (Burleson
and Kunkel, 2009; Loveys et al., 2021).

4 Experimental Settings

Baselines. 1) Qwen3-Omni (Xu et al., 2025b),
2) Qwen2.5-Omni (Xu et al., 2025a), 3) Qwen2-
Audio (Chu et al., 2024), 4) Qwen-audio (Chu
et al., 2023), 5) SALMONN (Tang et al.), 6)
LLaMA (Fang et al., 2025), 7) Flamingo (Ghosh
and Duraiswami), 8) Baichuan (Li et al., 2025), and
9) GPT (Hurst et al., 2024). (See Appx. B).

Human Annotation. For empathy judgement,
we compared OLMs’ results to human’s. Audio
responses were sampled evenly from each OLM.
For each model pair, their responses to the same in-
stance were evaluated by the same annotator to en-
sure consistent judgment; also, inter-annotator con-
sistency was computed based on models’ ranking
within each pair. Details are described in Appx. L.

Consistency Measurement. Because empa-
thetic scores are relatively subjective, for the Inter-
annotator consistency, annotations are considered
consistent if any of the following conditions hold:
(i) the paired models receive different scores but
the same rank order from both annotators; (ii) the
paired models are tied in score by both annotators;
or (iii) one annotator records a tie, and the other
reports a score difference < 1. For Human—-OLM
judge consistency, each model response is first as-
signed the average score of its two human annota-
tors. The resulting average rank for each model pair
is then compared against the OLM-judge ranking,
following the aforementioned conditions.

Model T A T+A F Norm
GPT 0 18 82 0 091
LLaMA 1 36 62 1 0.8l
Baichuan 6 34 59 1 0.79
Qwen3-Omni 1 24 74 0 0.87
Qwen2.5-Omni | 0 25 74 0 0.87
Qwen2-Audio 4 18 52 25 0.63
Qwen-Audio 5 18 65 12 0.77
SALMONN 13 27 57 3 077
Flamingo 10 36 47 7 0.70

Table 4: Evaluation on input modality reliance. The
values indicate the proportion (%) of responses based on
text only (T), audio only (A), both text and audio (T+A),
or failure to respond (F). Normalised score (Norm) is
the sum of the value T+A and the average of T and A.
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Audio Model MELD GIGASPEECH EMOV-DB, Overall Normalised Scores

Output Nat. Disc. Nat. Disc. Nat. Disc. {Nat. Disc.|Nat. (Rank) Disc. (Rank)
v GPT 395 485 393 438 3.97 2.17 |3.95 422 | 098 (1) 0.64 (6)
v/ LLaMA 3.88 481 377 479 3.88 2.70 |3.85 447 | 0.954) 0.69 (4)
v/ Baichuan 390 5.15 3.81 495 3.94 3.08 |3.88 4.74| 0.96 (2) 0.75 (2)
v Qwen3-Omni | 3.61 5.14 3.88 5.02 3.93 2.77 |3.77 471 | 0.92(5) 0.74 (3)
v Qwen2.5-Omni| 3.87 4.38 3.87 4.63 3.94 2.34 |3.89 4.17| 0.96 (2) 0.63 (7)
- Qwen2-Audio |3.01 4.63 232 3.85 3.18 2.93 |2.82 4.00| 0.61(7) 0.60 (8)
- Qwen-Audio |2.25 478 246 5.01 248 4.63 |2.37 4.86| 0.46(8) 0.77 (1)
- SALMONN 325 4.61 3.18 4.66 3.31 3.09 |3.24 4.39| 0.75(6) 0.68 (5)
- Flamingo 240 4.10 231 379 195 2.66 |2.27 3.73| 0.429) 0.559)

Table 5: Naturalness (Nat.) measures how human-like the responses are (ranges 1-4 and the higher the more
human-like). Discrimination (Disc.) assesses the model’s ability to distinguish responses across varying contexts
(MELD & GIGASPEECH) or audio tone (EMOV-DB) (ranges 1-6, and the higher the better). They both are measured
on text and evaluated by GPT-5-mini (with manual checking) following the text evaluation practice (Fu et al., 2024).

5 Results on Omni-Models as Responders

We first discuss model responses with empathy. Ta-
ble 4 shows Modality Reliance of baselines, Table 5
their Naturalness and Discrimination, and Table 7
Delivery evaluated by human and OLM-judges. We
observe that: (1) OLMs with audio outputs outper-
form text-only-output models. GPT and Qwen’s
Omni series represent the top-tier audio synthesis
quality. These indicate the benefits of multimodal
integration in learning empathy. (2) Models’ perfor-
mance varies on Discrimination and Naturalness,
indicating they may be decoupled abilities.

e Modality Reliance. As shown in Table 4, all
OLMs primarily rely on both audio and text modal-
ities (over 50%). GPT demonstrates the best mul-
timodal integration (normalised to 0.91), followed
by Qwen’s omni series (0.87). Earlier audio analy-
sis models exhibit higher failure rates and weaker
multimodal grounding, i.e., Qwen’s audio series.

o Naturalness. Among OLMs, GPT achieves
the highest overall Naturalness (normalised to
0.98), closely followed by Baichuan and Qwen2.5-
Omni (both 0.96). It suggests that recent OLMs
can produce responses better resembling human
conversational style. In contrast, Flamingo and the
Qwen-Audio series exhibit substantially lower Nat-
uralness, often providing analytical or descriptive
content rather than natural, conversational replies.

e Discrimination. In contrast, Qwen-Audio at-
tains the highest Discrimination score (normalised
to 0.77), particularly on the EMOV-DB subset. It
indicates strong sensitivity to varying emotional
tones of input audio. However, this sensitivity is
primarily due to analytical variation (not communi-

cating), as evidenced by its poor Naturalness.

e Delivery. Only OLMs with audio outputs
are evaluated for the paralinguistic metric. Both
Human and OLM-judges consistently rank GPT,
Qwen3-Omni, and Qwen2.5-Omni as the top-tier
models in paralinguistic quality, indicating superior
control over prosody and vocal delivery compared
to LLaMa and Baichuan.

6 Results on Omni-Models as Evaluators

We then discuss how OLMs evaluate empathy from
generated audio. Tables 7 and 6 show the results.’

Alignment with Human Judgment. In Table 6,
GPT exhibits the highest overall consistency with
human annotators across coherence (84.9%) and
delivery (88.7%).% It closely approaches human-
human agreements. Qwen2.5-Omni shows com-
petitive performance in terms of supportiveness
(average 88.8%, comparable to human-human in-
teractions). These imply that the best OLMs have
the potential for coarse-grained automatic empa-
thy evaluation from audio. It again highlights
the benefits of more generic, multimodal capa-
bilities in understanding empathy. In contrast,
Qwen2-Audio yields substantially lower agreement
across all dimensions, confirming that earlier audio-
analysis—oriented models are not effective here.

OLMs’ Evaluation Consistency Table 7 shows
the ratings from OLM- and human-judges over de-
livery. Qwen2-Audio (Q-A) exhibits polarised scor-
ing and a marked bias toward Qwen3-0O, hindering

The Coherence and Supportiveness scores are in Appx. C.
®For Delivery, level-samples are provided in prompts,
which suggests GPT has stronger in-context-learning ability.
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Judge MELD (%) GIGASPEECH (%) EMOV-DB (%) Average (%)
Coh. Sup. Para. | Coh. Sup. Para. | Coh. Sup. Para. | Coh. Sup. Para.
Human 89.7 89.7 879 | 950 90.0 800 | 82.5 88.8 88.8 | 87.6 89.3 86.5
GPT 941 853 88.2 | 875 833 100.0 | 77.1 750 833 | 849 80.2 88.7
Q-Omni | 87.9 914 862 | 925 950 825 | 575 838 750 | 753 88.8 80.3
Q-Audio | 58.6 603 759 | 57,5 650 725 | 575 513 563|579 573 663

Table 6: The consistency between human annotators and model judges on coherence (Coh.), supportiveness (Sup.),
and Delivery (Para.), respectively. Model judges are GPT-40-audio-preview (GPT), Qwen2.5-omni (Q-omni), and
Qwen2-Audio (Q-Audio). The row of Human is the annotation consistency between two human annotators.

Model MELD GIGASPEECH EmMoV-DB
GPT Q3 Q-O Q-A H |GPT Q3 Q-OQ-A H |GPT Q3 Q-OQ-A H
GPT 0.65 0.99 0.96 0.14 0.77]0.56 0.98 0.93 0.06 0.81|0.539 1.00 0.96 0.09 0.55

Qwen3-omni
Qwen2.5-Omni

0.56 0.84 0.81 0.95 0.94
0.61 0.95 0.92 0.14 0.93

0.53 0.95 0.93 0.97 0.85
0.55 0.97 0.88 0.09 0.85

0.56 0.96 0.96 0.94 0.86
0.57 0.97 0.95 0.10 0.80

LLaMA
Baichuan

0.54 0.84 0.78 0.13 0.67
0.49 0.74 0.72 0.15 0.64

0.51 0.84 0.75 0.09 0.52
0.51 0.73 0.67 0.08 0.61

0.53 0.86 0.82 0.06 0.34
0.51 0.76 0.79 0.08 0.53

Table 7: Evaluation on paralinguistic features: Delivery. For easy reading, we present normalised scores from a
3-point Likert scale (the higher, the better). The columns show the judges evaluating models in rows. Judges include
GPT-40-audio-preview (GPT), Qwen3-Omni (Q3-0), Qwen2.5-Omni (Q-0), Qwen2-Audio (Q-A), and Human (H).
The boldface numbers indicate the best ones according to the original scores, listed in Table 12, Appx. C.

¥ human
audio (direct)

-/ text (audio description)
text (objective description)

5.0
A-—--=—" A

4.5
40 | - - - -

3.5

3.0

2.5

GPT Qwen3-Omni Qwen2.5-Omni LLaMa Baichuan

Figure 4: Average 5-point paralinguistic (delivery) eval-
uation (y-axis) for model on x-axis. Higher is better. For
judges, stars indicate human evaluation, while circles in-
dicate OLM-judges using direct audio. Empty and filled
triangles denote OLM-judges using additional contexts
of the original and objective audio caption, respectively.

reliable rank differentiation for scores exceeding
2. In contrast, other OLM-judges consistently dis-
tinguish Qwen-Omni models and GPT from lower-
tier models, aligning well with human judgment.
This demonstrates the potential of OLM-judges to
effectively evaluate coarse-grained delivery. How-
ever, regarding fine-grained delivery, a divergence
emerges: while human judges prefer the Qwen-
Omni series over GPT, OLM-judges favour the
opposite. These findings suggest that the ability of
OLMs to discern fine-grained superiority in deliv-
ery is not yet aligned with human preference.

7 Further Discussion

Quantitative Analyses of Paralinguistics. We
have highlighted the challenges in fine-grained eval-
uation of paralinguistic delivery. To provide further
insight, we investigate whether textual descriptions
of audio (captions) can aid in assessing paralinguis-
tic empathy. We utilised Qwen3-Omni for audio
captioning and conducted a fine-grained evaluation,
expanding the scoring metric from a 3-point to a
5-point scale to capture greater nuance. Results are
shown in Fig. 4 with details in Appx. J.

Direct audio judging (circles) aligns with the
general ranking order of human (stars) but achieves
only 43% consistency with human judgements. In-
corporating the original audio captions (empty tri-
angles) exacerbates the issue, as the captions tend
to be biased and overly positive regarding machine
delivery (e.g., “The speaker’s voice is calm, gentle,
and empathetic...”). Furthermore, although prompt-
ing the OLM to emphasise objective descriptions
(filled triangles) brings the results closer to human
evaluation, it tends to introduce a negative bias. It
implies that captions can partially help, yet their
effectiveness is highly sensitive to their quality.

Moreover, these results demonstrate that textual
audio captions, whether prompted for objectivity or
not, are not faithful proxies for auditory perception.
It is because nuanced tones and implicit cues can
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Context

{
|
\
e ¢
Utterance t

A user asking the Al what strategies they should consider when deciding how to support a political candidate. i

Like either giving him money or propping him up in some way. ‘i < GigaSpeech >

Supporting a political candidate can be an empowering way to engage in the democratic process. Here are a few strategies to consider: @

—_—

Response

1. Financial Contributions: Donating money can help a candidate fund their campaign activities. Make sure to check the legal limits for
i political donations in your area.2. Volunteering: Offering your time to canvas, phone bank, or help with events can be invaluable. Your
enthusiasm and hard work can help broaden the candidate‘s reach. 3. Social Media Advocacy: Using your platforms to share information,
i advocate for the candidate’s positions, and encourage others to get involved can amplify their message. 4. Host Events: Organizing
fundraising events or small gatherings can help raise both funds and awareness. 5. Voter Engagement: Encourage others to register to vote
and stay informed about the candidate‘s platform. Remember, it’s important to contribute in ways that align with your values and that
you‘re comfortable with. Every bit of support counts and can make a difference. How are you feeling about getting involved in this way?

Co:=:zxt A person discussing with an Al about options they might consider to help a close relative or friend who is

going through a tough time

i
Utterance

Like either giving him money or propping him up in some way. < GigaSpeech >

It sounds like you really care about your friend and want to support them during this tough time. Offering financial assistance can be @

helpful, but it's important to ensure that it's a sustainable option for you. Sometimes, emotional support, helping them connect with esponse
i resources, or just being there to listen can be equally powerful. Have you had a chance to talk with your friend about what kind of support |I|II|I'
they feel would help them most? i GPT-40

Figure 5: The example of context-variant responses generated by GPT-4o. Its responses are typically long and
adhere to a standardised structural format: first, a situation analysis, then suggestions, and finally a question.

= £ \
Co:=t:3xt i The user is discussing the dynamics of interpersonal relationships and debates with their voice-based Al assistant i
{ ( - . . 1
Ut;:lglrﬂ; ce | I think it's much nicer to quarrel. | <EmoV-DB>

()]

Amused Well, that's an interesting perspective. But you know, sometimes it's important to have those debates too. They can help you understand —_—
e\ i different viewpoints better. And it's not all about being nice, it's also about learning and growing. So, what do you think about the balance ; <eSP°nse
i between being nice and having debates? "I'II'I"
; ¢ Qwen-omni
Input ton e

Well, that's an interesting perspective. But you know, quarreling can be a bit of a mess sometimes. It can create a lot of tension and hurt ~ :
feelings. However, it can also be a way to express your true thoughts and feelings. But it's important to do it in a healthy way, like having
Anger i a calm discussion rather than just yelling at each other. So, what made you think it's nicer to quarrel? i

Figure 6: The example of tone-variant responses generated by Qwen2.5-Omni. The model shows a distinct stylistic
pattern, frequently starting with “well”” and adopting a reflective tone marked by phrases such as “but you know”.

be easily overlooked and excluded in captions. As
a result, captions cannot substitute for direct audio
evaluation, particularly when assessing emotional
delivery. It highlights a critical limitation of current
OLM evaluators and underscores the necessity for
a more dedicated audio paralinguistic modelling.

Qualitative Analyses. We further interviewed
the annotators and found GPT-4 to be perceived as
the most human-like system, followed by Qwen-
Omni. While providing empathetic content, Qwen-
Omni tends to append template-style sentences,
resulting in less discrimination. Baichuan shows
more stable conversational behaviour than LLaMA,
whereas LL.aMA occasionally generates sarcastic
responses rather than uniformly supportive ones.
Finally, we present a qualitative analysis of the
generated samples. While generally lacking strong
expressive prosody, interestingly, the models dis-

play distinct stylistic characteristics. GPT-40 offers
fast, structured responses with smooth, standard-
ised delivery (see Fig. 5). Qwen2.5-Omni adopts
a reflective tone, often initiating with “well” at a
moderate pace (see Fig. 6). While Qwen3-Omni
occasionally generates vivid, emotional audio, it
suffers from instability. Baichuan shows lower con-
sistency, characterised by evident fluctuations in
accent. These findings highlight a persistent gap in
achieving truly human-like, empathetic generation.

8 Conclusion

We have presented AEQ-BENCH to evaluate empa-
thetic response generation and judgments in OLMs.
By employing novel context- and tone-variant set-
tings, we found that although top-tier OLMs exhibit
strong linguistic empathy, they still face significant
challenges in mastering fine-grained paralinguistic
delivery. Moreover, our results show that textual
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audio captions cannot replace direct audio analysis,
underscoring the urgent need for audio-native eval-
uators to develop genuinely empathetic Al systems.

Limitations

Our work provides an initial exploration into the
EQ of OLMs, but it is subject to several limitations
that suggest future research directions:

Language and Cultural Scope: AEQ-BENCH
is constructed exclusively in English. Empathy
is highly language- and culture-dependent, mean-
ing the emotional cues, appropriate supportiveness
strategies, and even the naturalness of delivery can
vary drastically across different linguistic groups.

Coarse-Grained Metric: Our metrics use a
coarse-grained categorical rating ("Good," "Fair,"
"Poor"). While evaluating audio quality using
OLM judges has high consistency with coarse-
grained metrics, the complexity of assessing the
nuanced emotional intent and consistency of the
model-generated audio output remains challenging.

Emotion evaluation: The lack of expressive vari-
ation in the synthesized audio results in mostly neu-
tral emotion in responses. The GPT/Qwen models
primarily rely on textual analysis to judge emo-
tion, rating various emotion distributions. So far,
the acoustic quality limitation of the synthesized
speech prevents the evaluation results from reli-
ably showing a disparity in emotional rendering
between the tested systems.

Ethical Considerations

The dual use of highly empathetic OLM capabili-
ties presents the primary risk: the generated sup-
portive responses could be exploited for manipula-
tion, phishing, or disinformation. Furthermore, the
study raises concerns about fairness and bias due
to the potential for emotional overgeneralization or
bias confirmation stemming from the underlying
data. Finally, processing a user’s sensitive emo-
tional state from audio highlights significant pri-
vacy risks. Our work is confined to research, with
future deployment requiring strong safeguarding
mechanisms and adherence to privacy-by-design
principles.

Additionally, to ensure ethical annotation data
collection, all human annotators (student helpers)
involved in model response evaluation were com-
pensated fairly. Annotators were paid at a standard
university rate of 16 USD per hour.
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A Details of Utilized Benchmark

The comparisons are listed in Table 9 and 10.

1) MELD (Multimodal EmotionLines Dataset),
sourced from TV series Friends and was labeled
for Emotion Recognition in Conversation. The
dialogues are daily communication among family,
friends, and neighbourhood rather than academic
or knowledge.

2) GIGASPEECH, compiled from diverse
YouTube and Podcast content, tests the system’s
ability to handle relatively formal and terminology
across topics, thereby broadening the EQ assess-
ment beyond simple daily conversation.

3) EMoOV-DB (Emotional Voices Database) pro-
vides the acoustically controlled emotional ground
truth. EMOV-DB ’s studio-recorded speech offers
clean, high-fidelity examples of explicit core emo-
tions. This inclusion is crucial for isolating pure
paralinguistic cues and ensuring the system can ac-
curately discriminate core acoustic-emotional fea-
tures, independent of the complexities introduced
by dialogue context.

The topic distribution are listed in Table 8.

Topic #
Personal Life / Feelings 821
Career/Work 448
Relationship 205
Educational / Study / Life Skill 174
Entertainment / Art 89
Others 148
sum 1,885

Table 8: Statistics of AEQ-BENCH. For MELD and
GIGASPEECH, each audio has three and two different
contexts, respectively. For EMOV-DB, each context has
four audios with different tones. Each (audio, context)
pair is considered one data instance, a total of 1,885.

B Details of Models

Tested baseline models are listed in Table 11.

1) Qwen3-Omni-30B-A3B-Instruct (Xu et al.,
2025b) and 2) Qwen2.5-Omni-7B (Xu et al.,
2025a) have an end-to-end architecture that pro-
cesses text, images, audio, and video inputs and
generates simultaneous text and speech outputs. It
is designed for streaming, low-latency, and deploy-
ment on edge devices.

3) Qwen2-Audio-7B-Instruct (Chu et al., 2024)
and 4) Qwen-audio-chat (Chu et al., 2023) are
similar series, both designed for audio chat (with

text output only) and audio analysis, such as music
analysis or sound recognition.

5) SALMONN-7B (Tang et al.) is capable of
emotion recognition, speaker verification, and mu-
sic and audio captioning beyond traditional tasks.

6) LLaMA-Omni2-7B (Fang et al., 2025) fo-
cuses on creating a real-time spoken chatbot by
streaming speech synthesis. Although it can only
process audio and text modalities, the "Omni"
suggests broader multimodal capabilities in the
LLaMA series.

7) audio-flamingo-3 (Ghosh and Duraiswami)
advances understanding and chain-of-thought-type
reasoning across speech, along with multi-turn,
multi-audio chat ability. Code for Flamingo
Streaming-TTS pipeline has not been released yet.

8) Baichuan-Omni-1d5 (Li et al., 2025) is an-
other comprehensive model capable of processing
text, image, audio, and video inputs and generating
text and voice output. It decodes the text and audio
simultaneously, which is likely to be slightly differ-
ent literally but semantically the same. While TTS
models and those providing the audio transcription
have identical contents in audio and text.

9) gpt-do-audio-preview (Hurst et al., 2024) is
a version of GPT-40 with expanded support for
audio inputs and the ability to generate text and
audio responses.
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Benchmark Task In Out Size

GigaSpeech (Chen et al., 2021)  ASR (En, multi-domain) A T ~40k h (10k h labeled)
MELD (Poria et al., 2019) Emotion recognition (multi-party) A+V+T T ~1.4k dialogs; 13k utt.
Emov-DB (Adigwe et al., 2018)  Emotional TTS (controllable) T A 4 speakers; 5 emotions
AEQ-BENCH (Ours) Empathy response generation A+T A/T 1,885 instances

Table 9: Multi-modality benchmarks. A: Audio; V: Video; T: Text.

Dataset Original Modality Contextual Depth

MELD Video with audio, Text High: multi-turn, multi-party conversations
GIGASPEECH | Audio, Text (Transcription) Low to Medium (domain focus)
EMoV-DB Audio, Text Low (explicit emotions without context)

Table 10: Benchmark features. EMOV-DB and MELD primarily contain audios with clear emotions.

NO. Model Input Output ASR Multiturn Ins.Fo. Size(B) Judge
1  Qwen3-Omni A T,LV AT v v v 35 v
2 Qwen25-0Omni A, T,LV AT v v v 107
3 Qwen2-Audio A, T T v v v 84 v
4  Qwen-Audio A, T T v v v 84  x
5  SALMONN AT T v X v ~70 X
6  Flamingo AT TTTS v v ~70 X
7  LLaMA-Omni A, T T, TTS  x v X 90 x
8  Baichuan-Omni A, T,LV A, T v v v 1.0 x
9 GPT AT AT v v v -V

Table 11: For Input and Output modalities, there are Audio(A, TTS), Text(T), Image(I), and Video(V). For model
capabilities, ASR, Multiturn, and Ins.Fo. stand for automatic speech recognition, multi-turn diglogues, and text
instruction following, respectively. The model sizes come from HuggingFace (~ denotes approximation). The model
versions are Qwen3-Omni-30B-A3B-Instruct, Qwen2.5-Omni-7B, Qwen2-Audio-7B-Instruct, Qwen-audio-chat,
SALMONN-7B, LLaMA-Omni2-7B, audio-flamingo-3, Baichuan-Omni-1d5, and gpt-4o0-audio-preview, in order.
The Judge column indicates whether they are evaluated as a judge model.
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MELD GIGASPEECH EmMoV-DB
GPT Q3-O Q-O Q-A H |GPT Q3-O Q-O Q-A H |GPT Q3-O Q-O Q-A H
GPT 1.71 1.01 1.09 2.72 1.46|/1.88 1.05 1.14 2.87 1.38{1.83 1.00 1.09 2.83 1.90
Qwen3-O0 |1.89 1.31 1.37 1.11 1.13|1.94 1.11 1.14 1.06 1.31|1.88 1.07 1.08 1.11 1.28
Qwen2.5-0|1.79 1.10 1.16 2.72 1.15|/1.90 1.05 1.24 2.83 1.31|1.86 1.07 1.11 2.81 1.41
LLaMA 1.92 1.32 145 274 1.67|1.98 1.32 1.51 2.83 1.97/1.95 128 1.37 2.88 2.32
Baichuan |2.02 1.53 1.57 2.71 1.73|1.98 1.53 1.67 2.85 1.78|1.99 1.48 1.43 2.84 1.95

Models

Table 12: Evaluation on paralinguistic features: Delivery. The columns show the judges evaluating audio from
models in rows. Judges include GPT-4o0-audio-preview (GPT), Qwen3-Omni (Q3-0), Qwen2.5-Omni (Q-O),
Qwen2-Audio (Q-A), and Human (H). The level ranges are 1: Good, 2: Fair, 3: Poor. The smaller the value, the
better the delivery. Q3-O rates GPT 1.04545 and Qwen2.5-Omni 1.0512, respectively.

MELD GIGASPEECH EMOV-DB MELD GIGASPEECH EMOV-DB
Coh. Sup. Coh. Sup. Coh. Sup.|Coh. Sup. Coh. Sup. Coh. Sup.
GPT 1.01 1.01 1.02 1.00 1.01 1.00|1.00 1.00 099 1.00 1.00 1.00
Qwen2.5-Omni | 1.07 1.03 1.03 1.03 1.02 1.02 097 0.99 099 099 0.99 0.99
Qwen3-Omni | 1.38 1.28 1.29 1.03 1.38 1.05|0.81 0.86 0.86 0.99 0.81 0.97
LLaMA-Omni |1.12 1.15 1.17 1.16 1.12 1.13{0.94 093 092 092 0.94 0.94
Baichuan-Omni | 1.07 1.27 1.11 134 1.07 1.25]0.97 0.87 095 0.83 097 0.88

Model

Table 13: The average scores of Coherence (Coh.) by GPT and Supportiveness (Sup.) by Qwen2.5-Omni. The level
ranges are 1: Good, 2: Fair, 3: Poor. The smaller the value, the better. The right part is the normalised scores.
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C Evaluation Results

The results of Delivery are in Table 12. The results
of Coherence and Supportiveness are in Table 13.

D Explanation for Figure 2

In this example:
1. Correctly infer the user’s perspective and
intention.

* (text) Go to the store in person.
¢ (text) Get investment info.
2. Interpret the underlying concerns.

* (audio) people over a certain age — potential
wheelchair accessibility concerns.

¢ (audio) more than an acre of — scale of com-
mercial usage.

3. Adapt the response to be appropriate, rele-
vant, and supportive to address the user’s actual
concern.

* (response) Special accessibility support.

* (response) Invest in similar properties that oc-
cupy a large area.

E Difference from Instruction Following

1. Cognitive empathy v.s. instruction following
Instruction following presumes an explicit direc-
tive from the user, e.g., “Provide...,” “Tell me...,”
“Answer...,” “Give me...,” with a clearly defined
task-oriented goal.
By contrast, cognitive empathy involves the abil-
ity to:

* infer the user’s unstated goal, concern, or per-
spective,

* interpret ambiguous or underspecified context,
and

* respond in a way that aligns with the user’s
internal state, even when it is not explicitly
articulated.

2. Why this distinction applies to AEQ-Bench
In our setting, the context is a compressed sum-
mary of prior dialogue, but it contains no explicit
instructions. The model must therefore infer the
user’s intention from clues in the context + utter-
ance. In example (Fig. 2), the model pays attention

to different parts of the same utterance according
to different contexts.

The model should read between the lines to in-
fer these concerns when the user does not instruct
“Please check accessibility” or “Please provide in-
vestment details”.

Thus, the task is not a direct instruction-
following exercise but a test of whether the model
can: i) understand the user’s perspective, ii) de-
tect latent concerns, and iii) craft a contextually
supportive reply.

3. Relation to our broader goal

Most real human conversations are not phrased
as tasks or explicit instructions.

People frequently imply their concerns, leave
intentions unstated, or expect the listener to infer
what they need. For example, when someone says,
“That café is up a really steep hill” they rarely add
request or instruction, “Please check accessibility
for me.” A supportive interlocutor is expected to
read between the lines and recognize the underlying
concern. This ability—inferring perspective, inten-
tion, and concern from context without an explicit
directive—is precisely what we aim to evaluate
through the GigaSpeech subset.

AEQ-Bench is designed to evaluate EQ-oriented
companion Al, which requires sensitivity to user
perspectives, goals, and concerns/worries, even
when emotions are implicit. This complements
the prevailing focus on Instruction-following and
IQ-oriented logic and reasoning evaluations.

F Construction Steps

Audio filtering. We only retain audios with clear
delivery to prevent adding unnecessary difficulty
to the speech recognition stage. We exclude all in-
stances of the sleepiness tone present in the EMOV-
DB dataset, as these are typically slow, slurred,
and often contain non-speech acoustic cues (e.g.,
yawns).

On the other hand, data instances that require
high-level reasoning or factual complexity were
excluded. Specifically, :

(i) Asking the other party to perform physical
actions. (e.g., pick up my friends.)

(i1)) Mathematical reasoning or complex task
completion. (e.g., how to arrange the chores to
finish them efficiently; booking a flight.)

(iii) Target at real persons, such as intimate con-
fessions, family disputes. ( e.g., You are the most
charming woman in the world.)
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MELD and EMOV-DB are filtered manually, and
GIGASPEECH is filtered by GPT in early rounds.

Quality Validation Annotators. Three in-house
annotators, expertising in linguistics, conducted
the verification. They were compensated at 16
USD/hour, the same rate as response evaluation
annotators. Approximately 70% of the automati-
cally generated contexts were judged coherent. The
remaining contexts were manually revised by the
annotators to ensure quality before being used for
evaluation.

G Details of Evaluation Metrics

Empathy is inherently multi-dimensional. There-
fore, it naturally requires both categorical decisions
and graded judgments:

Categorical decisions reflect discrete states (i.e.,
which modality the model is relying on). Specifi-
cally, Modality Reliance: Did the model rely on the
audio or the text? We need to know which modality
OLMs utilize to give a response in conversation,
since previous studies only include instructions in
the other modality, leaving it unclear whether con-
text information is involved.

Graded qualities capture nuance in empathic
responding that cannot be captured by simple clas-
sifications (e.g., how supportive, how natural, how
context-adaptive). Ordinal scales allow for sub-
tle differentiation in degree (e.g., “good,” “fair,”
“poor”’; or numeric gradations) that reflect human
judgments of how well a response makes them feel,
not just whether it does or doesn’t. (e.g., Barrett-
Lennard Relationship Inventory (Chen et al., 2023),
Mean Opinion Score (MOS) (Viswanathan and
Viswanathan, 2005).

Most rating metrics in AEQ-Bench (i.e., Coher-
ence, Supportiveness, Delivery) use three levels
(Good, Fair, Poor) because these qualities tend
to vary along coarse but meaningful interpersonal
distinctions. This mirrors standard practice in so-
cial psychology and counseling assessment tools,
where empathy-related constructs are commonly
evaluated using 3-point or 5-point Likert scales to
capture the essential gradation without overburden-
ing annotators.

For example, Naturalness reflects a more nu-
anced, continuous progression in conversational be-
havior, from pure analytical, to analytical+Chatting,
to Al-like Chatting, to human-like Chatting. An-
notators consistently reported that these degrees of

difference are clear and distinguishable, warranting
a finer-grained ordinal scale.

Why these metrics are chosen?

Modality Reliance. Recognizing and using both
vocal and textual cues ensures the system is sensi-
tive to how emotion is expressed.

Coherence. essential for empathetic accu-
racy (Ickes et al., 2000). If a response is incoherent
to the context, it likely fails to reflect empathic
understanding.

Discrimination. Empathic accuracy is not just
about detecting emotion, but differentiating sub-
tle differences depending on context (Ickes et al.,
2000). A model must adapt to context shifts (or
changes in user tone or emotion) rather than pro-
duce generic responses.

Naturalness. More human-like language or
voice creates a stronger sense of connection and
perceived empathy (Kiihne et al., 2020).

Supportiveness. Counseling psychology defines
empathy in part as validation + perspective-taking
+ nonjudgmental support (Rogers, 1957).

Delivery and Emotion : Paralinguistic features
like tone, pause, and pitch significantly influence
perceived empathy in human speech (Burleson and
Kunkel, 2009). Emotional expressiveness, rather
than neutral tone, plays a crucial role in how people
perceive empathy (Loveys et al., 2021).

H Evaluation Metric Scores

This appendix provides a detailed breakdown of
the evaluation metrics used in our human and auto-
mated assessments, including the specific questions
posed to annotators, the corresponding scale or op-
tions, and the precise criteria for each score. The
metrics are divided into linguistic features (focus-
ing on the content of the response) and paralinguis-
tic features (focusing on the acoustic delivery).

H.1 Linguistic Features

Q1. Modality Reliance (M.R.) This metric eval-
uates which input source the model primarily uti-
lizes to generate its textual response, verifying if
it relies on the provided conversation context, the
user’s immediate utterance (ASR transcription), or
a combination of both.
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Evaluation Question: Which input modality (Con-
text or Utterance) does the model primarily rely on,
or does it utilize both, to generate the response?
Scale and Criteria:

1. Context: Response is based only on the pro-
vided CONTEXT.

2. Utterance: Response is based only on the
current UTTERANCE (ASR).

3. Both: Uses CONTEXT and UTTERANCE
together, showing no obvious conflict.

4. Failed: Response is irrelevant, off-topic, a rep-
etition/translation of inputs, or includes dis-
claimers.

Q2. Naturalness (Nat.) Naturalness assesses
how human-like and spontaneous the generated
response is, simulating a natural conversation be-
tween peers. Higher scores indicate a more human-
like exchange.

Evaluation Question: How natural and human-
like is the response? The more human-like the
conversation, the higher the score.

Scale and Criteria: NA, 1 to 4.

* NA (Not Applicable): The response is irrele-
vant or a repetition/translation of the inputs.

1. Score 1 (Analysis only): The response is pure
comment or analysis, with no direct conversa-
tional reply.

2. Score 2 (Analysis + Chatting): A mix of
third-person analysis and first-person reply.

3. Score 3 (Al-like Chatting): Direct reply with
clear, formulaic Artificial Intelligence (Al)
characteristics.

4. Score 4 (Human-like Chatting): High nat-
uralness, closely resembling a fluent human
conversation.

Q3. Coherence (Coh.) Coherence judges the
logical and emotional consistency of the response’s
content relative to the entire conversation and the
user’s current utterance.

Evaluation Question: Is the response logically and
emotionally consistent with the overall CONTEXT
and UTTERANCE?

Scale and Criteria: NA, Good, Fair, Poor.

* NA (Not Applicable): The response is irrele-
vant or a repetition/translation of the inputs.

1. Good: Clearly relevant, logically consistent,
and appropriate to the situation.

2. Fair: Mostly relevant but with minor incon-
sistencies or vague links to the context.

3. Poor: Off-topic, contradictory, or highly inap-
propriate given the inputs.

Q4. Supportiveness (Sup.) This metric evalu-
ates the degree of supportive intent conveyed by the
response’s text, considering factors such as emo-
tional acknowledgment, perspective-taking, sup-
portive intent (comfort/encouragement/help), and
non-judgmental language.

Evaluation Question: How supportive does the
response feel? Considering acknowledgment of
feelings, perspective-taking, supportive intent, and
non-judgmental language.

Scale and Criteria: NA, Good, Fair, Poor.

* NA (Not Applicable): The response is irrele-
vant or a repetition/translation of the inputs.

1. Good: Clear acknowledgment, perspective-
taking, strong supportive intent, and non-
judgmental tone.

2. Fair: Some supportive elements, but incom-
plete, formulaic, or mixed with minor judg-
ment.

3. Poor: Lacks support, is dismissive, minimiz-
ing, or overtly judgmental.

Q5. Discrimination (Disc.) Discrimination mea-
sures the model’s ability to vary its textual content
based on differing contexts or emotional cues in the
user’s input. A high score indicates the response is
highly tailored.

Evaluation Question: Across varying con-
texts/tones, how much does the model’s response
content vary? The more tailored for context/tone,
the higher the score.

Scale and Criteria: NA, 1 to 6.

* NA (Not Applicable): Response is irrele-
vant/repetition.

1. Score 1 (No difference): Content remains
identical across inputs.
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2. Score 2 (Minor wording): Same core content,
only small lexical changes.

3. Score 3 (Some variations): Mostly same con-
tent, but with isolated tailored variations.

4. Score 4 (Mostly different): Responses show
significant differences, adapting to context.

5. Score 5 (Template-like): Clear differences,
but the wording is highly standardized or
template-based.

6. Score 6 (Contextually adapted): Clear, di-
verse differences with contextually and emo-
tionally appropriate, varied wording.

H.2 Paralinguistic Features (Audio
Assessment)

Q6. Delivery Delivery assesses the acoustic qual-
ity and appropriateness of the speech synthesis, fo-
cusing on how paralinguistic cues (tone, pacing,
prosody, and timing) contribute to the overall sup-
portive or emotional intent of the response.
Evaluation Question: How supportive does the
response sound? Does the tone of voice, pacing,
pitch, and pauses effectively convey empathy or
the intended emotion?

Scale and Criteria: NA, Good, Fair, Poor.

* NA (Not Applicable): The response is irrele-
vant or a repetition/translation of the inputs.

1. Good: Warm, calm tone; patient pacing; ap-
propriate prosody; natural pauses and timing.

2. Fair: Generally acceptable but inconsistent
(e.g., slightly rushed/flat tone or occasional
awkward pauses).

3. Poor: Cold/harsh tone, stilted or mechanical
pacing, mismatched prosody, or unnatural tim-
ing.

I Human Annotation for Responses

Specifically, the five OLMs are grouped in pairs,
resulting in 10 model pairs. We sample two groups
of data for each mdoel pair. Each grouped data con-
sists of one utterance associated with three contexts
for MELD, two for GIGASPEECH, and four tonal
variations plus one context for EMOV-DB. A total
of 180 instances and responses.

Based on the provided context, utterance, re-
sponse audio, and evaluation instructions, the anno-
tators assess the responses across all metrics. All
annotators are fluent English speakers recruited
from university student helpers; a total of 12 anno-
tators participated.

Cohen’s Kappa (for categorical metrics): modal-
ity_dependency=0.72.

ICC (for ordinal scores): naturalness = 0.84, co-
herence=0.89, supportiveness=0.87, delivery=0.86,
discrimination=0.80.

OLM judges are instructed to evaluate the re-
sponses with the same set of instructions as human
annotators’.

J Fine-grained Paralinguistic Evaluation

This experiment examine whether emotional and
paralinguistic qualities of synthesized speech can
be faithfully evaluated through textual intermedi-
ates, rather than direct auditory perception.
Specifically, we compare: (i) human listening
as the gold standard; (ii) direct audio judging by
an OLM; (iii) free-form paralinguistic descriptions
generated by an OLM; and (iv) constrained, ob-
jective textual descriptions of acoustic properties.
For each setting, we compute 5-point paralinguis-
tic quality scores across MELD, GigaSpeech, and
EmoV-DB subsets. 5-point scale in Table 14.

Score Evaluation
5 | Very Paralinguistic cues are highly expressive,
Good perfectly conveying emotion and intent,
resulting in smooth and natural commu-
nication (human-like).

4 | Good Paralinguistic cues are mostly clear.
Slightly more emotional than typical ma-
chine speech, but still not fully natural.

3 | Fair Paralinguistic cues are basically con-
veyed and do not hinder understanding
(typical machine-like speech).

2 | Poor Paralinguistic cues are vague and fre-
quently interfere with communication,
making understanding difficult.

1 | Very Paralinguistic cues are almost unrecog-

Poor nizable and severely impair communica-
tion effectiveness.

Table 14: Five-point scale for paralinguistic evaluation.

36407



