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Abstract

Speech large language models (LLMs) ob-
serve paralinguistic cues such as prosody, emo-
tion, and non-verbal sounds—crucial for in-
tent understanding. However, leveraging these
cues faces challenges: limited training data,
annotation difficulty, and models exploiting
lexical shortcuts over paralinguistic signals.
We propose multi-task reinforcement learn-
ing (RL) with chain-of-thought prompting that
elicits explicit affective reasoning. To address
data scarcity, we introduce a paralinguistics-
aware speech LLM (PALLM) that jointly opti-
mizes sentiment classification from audio and
paralinguistics-aware response generation via
a two-stage pipeline. Experiments demonstrate
that our approach improves paralinguistics un-
derstanding over both supervised baselines
and strong proprietary models (Gemini-2.5-Pro,
GPT-40-audio), by 8-12% on Expresso, [IEMO-
CAP, and RAVDESS. The results show that
modeling paralinguistic reasoning with multi-
task RL is crucial for building emotionally in-
telligent speech LLMs.

1 Introduction

Spoken interaction is becoming a primary interface
for large language models (LLMs), driven by re-
cent speech LLMs that accept speech as input and
produce natural-language responses (Zeng et al.,
2024; Xu et al., 2025; Huang et al., 2025; Wu et al.,
2024; Arora et al., 2025). Unlike text-only models,
speech LLMs have access to not only lexical con-
tent but also paralinguistic cues such as prosody,
emotion, speaking style, and non-verbal sounds
from a user’s input. These cues are often decisive
for determining communicative intent: the same
utterance (e.g., “I got 80% on my test””) may call
for celebration when delivered in a cheerful tone or
comfort when expressed with disappointment. Sys-
tems that respond only to transcripts risk being se-
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mantically correct yet emotionally misaligned, un-
dermining user trust and perceived empathy. While
speech LLMs’ access to paralinguistic information
presents significant opportunities, effectively lever-
aging this information for contextually appropriate
conversational behavior remains challenging.

Recent work has explored paralinguistic pro-
cessing in speech LL.Ms through two primary ap-
proaches: (i) speech emotion recognition (SER) (Li
et al., 2025), treating emotion detection as a classifi-
cation task, and (i1) paralinguistics-aware response
generation (Wu et al., 2025), focusing on curat-
ing large-scale audioset for supervised fine-tuning
(SFT). However, a fundamental challenge in devel-
oping paralinguistics-aware generation systems is
the scarcity of suitable training data and the diffi-
culty of annotating ground truth for emotionally
appropriate responses. Unlike emotion classifica-
tion, which can rely on established taxonomies, de-
termining whether a response exhibits appropriate
emotional alignment requires nuanced human judg-
ment that is both subjective and context-dependent.

Furthermore, SFT alone faces inherent limita-
tions in learning robust paralinguistic awareness.
When textual content already suggests sentiment
(e.g., “I failed my exam”), models can minimize
training loss by relying on lexical cues while by-
passing prosodic information, potentially yield-
ing responses that appear plausible but remain in-
sensitive to subtle tonal variations or non-verbal
cues such as sighs or laughter. This challenge is
compounded when lexical and paralinguistic cues
conflict (e.g., “I'm fine” spoken with distressed
prosody), highlighting the necessity for models to
be explicitly grounded in both the understanding
and generation of paralinguistic information.

In this work, we address these challenges by
proposing a Paralinguistics-Aware LLM (PALLM)
that jointly learns (i) sentiment classification of
the user’s spoken utterance and (ii) response gen-
eration whose style aligns with the inferred affect.
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Figure 1: Paralinguistics-Aware LLM stage 2 overview.
A multi-task RL jointly performs sentiment classifica-
tion and paralinguistics-aware response generation with
chain-of-thought reasoning.

Our training procedure consists of two stages: In
Stage 1, we perform supervised fine-tuning on
sentiment labels and synthesized paralinguistics-
aware responses to establish the model’s founda-
tional ability to recognize and generate responses
sensitive to paralinguistic cues. In Stage 2, we
apply online reinforcement learning on two cou-
pled tasks: sentiment classification with chain-of-
thought (CoT) reasoning and paralinguistics-aware
response generation. This stage further enhances
the model’s paralinguistic understanding by explic-
itly grounding both sentiment classification and re-
sponse generation in audio-based evidence through
RL with CoT reasoning. The training paradigm for
Stage 2 is illustrated in Figure 1.

Our main contributions are as follows: First,
we formalize paralinguistic awareness in speech
LLMs as a multi-task RL reasoning problem. It
jointly learns (i) sentiment classification from
acoustic—prosodic cues and (ii) paralinguistics-
aware response generation. Second, we propose
PALLM, a two-stage training pipeline that first
performs joint SFT on sentiment labels and syn-
thesized tone-conditioned responses, and then ap-
plies multi-task RL to reduce reliance on lexical
shortcuts and explicitly ground decisions in paralin-
guistic evidence from audio. Third, we conduct a
comprehensive evaluation on Expresso, IEMOCAP,
and RAVDESS, comparing against SFT-only base-
lines and strong proprietary speech LLMs (Gemini-
2.5 Pro, GPT-40-audio). The results show that
PALLM consistently improves the response appro-
priateness significantly and hence shows a better
paralinguistics understanding, supported by auto-
matic and human evaluations.

Sampling —— Reward 2 Related Work

2.1 Speech Emotion Recognition and
Paralinguistic Modeling

SER has traditionally been formulated as a classi-
fication task using hand-crafted acoustic features
or deep learning on spectrograms (El Ayadi et al.,
2011; Schuller et al., 2013). Recent work lever-
ages self-supervised speech representations from
models such as emotion2vec (Ma et al., 2023) and
HuBERT (Hsu et al., 2021), achieving strong re-
sults on benchmarks like IEMOCAP (Busso et al.,
2008; Wagner et al., 2023).

With the emergence of large language models,
several approaches integrate SER into LLM-based
frameworks. AA-SLLM and SECap use external
audio encoders to extract emotion features and
bridge them to frozen LLMs for emotion classifica-
tion or captioning (Mai et al., 2025; Xu et al., 2024;
Liang et al., 2024). More recent audio-language
models such as EMO-RL formulate SER as a gen-
erative reasoning problem with CoT prompting,
applying GRPO-style (Shao et al., 2024) RL to im-
prove emotional reasoning (Li et al., 2025). While
these methods achieve strong classification perfor-
mance, they primarily target SER as an isolated
task without mechanisms to translate detected af-
fect into conversational responses.

2.2 Paralinguistic-Aware Dialogue Systems

Several recent works extend spoken dialogue sys-
tems to incorporate paralinguistic information. In
text-based settings, empathetic dialogue systems
jointly model emotion recognition and response
generation, demonstrating that understanding affect
improves response quality (Rashkin et al., 2019;
Majumder et al., 2020). For speech-based inter-
action, ParalinGPT conditions LLMs on speech
embeddings and sentiment attributes for multi-task
prediction (Lin et al., 2024), while E-chat and
EMOVA integrate emotion representations into
LLMs for affective conversation (Xue et al., 2024;
Chen et al., 2025).

Speech LLMs such as GLM-4-Voice (Zeng et al.,
2024), Qwen2-Audio (Chu et al., 2024), and Step-
Audio 2 (Huang et al., 2025) process speech inputs
directly for emotion-aware capabilities. Concur-
rently, ParaS2S introduces a benchmark and GRPO-
based framework for paralinguistic-aware speech-
to-speech dialogue (Yang et al., 2025), while Step-
Audio 2 applies “reasoning-centric” RL for expres-
sive audio interaction (Wu et al., 2025).
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These systems illustrate growing interest in par-
alinguistic dialogue, yet they face fundamental lim-
itations in how paralinguistic awareness is achieved.
Most previous works rely on external emotion en-
coders or focus on speech-to-speech generation,
while critically, they either optimize SER in iso-
lation or train generation models without explicit
emotion understanding objectives. This decoupling
creates vulnerability to lexical shortcuts, where
models infer user emotions primarily from textual
content rather than acoustic-prosodic cues. To our
knowledge, no prior work jointly optimizes senti-
ment classification and paralinguistics-aware gen-
eration through multi-task RL with CoT-structured
reasoning for speech LLMs. Our approach ad-
dresses this by requiring explicit reasoning about
paralinguistic evidence, enabling mutual reinforce-
ment between affect perception and appropriate
response generation.

3 Methodology

We frame paralinguistic awareness as a multi-task
problem where a speech LLM must jointly (1)
classify the sentiment of a spoken utterance from
acoustic-prosodic cues, and (2) generate responses
whose emotional tone is appropriate given the in-
ferred affect. We train the LLM in two stages: SFT
to cold-start a paralinguistic-aware speech LLM
base policy, followed by RL with CoT reasoning to
refine both understanding and generation capabili-
ties for paralinguistics.

3.1 Task Formulation

3.1.1 Sentiment Classification

Given a spoken utterance represented as audio
a, the model predicts a sentiment label s €
{positive, neutral, negative} by interpreting the
user’s emotional state from acoustic and prosodic
cues. We choose coarse-grained sentiment cate-
gories over fine-grained tone labels (e.g., happy,
sad, angry, fearful) for two practical reasons.
First, fine-grained tone taxonomies vary across
datasets and application domains, limiting cross-
dataset generalization. Second, semantically simi-
lar tones (e.g., “happy” vs. “cheerful,” “depressed”
vs. “sad”) are difficult for models to distinguish,
and conflating them during training can confuse
the model. Coarse sentiment categories provide
a more stable and generalizable representation of
user affect while retaining sufficient granularity for
contextually appropriate response generation.

3.1.2 Paralinguistics-Aware Response
Generation

Given the same audio input a, the model generates
a textual response r whose emotional tone is coher-
ent with the user’s current affective state. For exam-
ple, the utterance “I got 80% on my test” requires
an empathetic, comforting response when spoken
with a sad tone, but a celebratory response when
spoken cheerfully. This task refines the model’s
ability to translate paralinguistic understanding into
contextually appropriate conversational behavior,
moving beyond semantically correct but emotion-
ally tone-deaf responses.

3.2 Two-Stage Training Pipeline
3.2.1 Stage 1: Supervised Fine-Tuning

We initialize the model with joint SFT on sentiment
classification and paralinguistics-aware response
generation. This stage is essential because paralin-
guistic cues are highly sparse in typical conversa-
tional data, making RL-only approaches ineffective
without a warm start.

(SFT) Sentiment Classification Given audio in-
put a and ground-truth sentiment s converted from
fine-grained tone annotations ! using rule-based
mapping (e.g., “happy” label to “positive” label,
see Appendix for label mapping details), we mini-
mize cross-entropy loss:

»Ccls = _logP(S | a; 0)

This task provides explicit supervision for affect
detection, encouraging the model to attend to
acoustic-prosodic features.

(SFT) Paralinguistics-Aware Response Genera-
tion Since our training data lacks ground-truth
emotionally appropriate responses, we synthesize
them by prompting an external text LLM to gener-
ate responses conditioned on the transcript t, which
is the ASR output of audio input a, and ground-
truth tone annotation /. While these synthesized
responses lack access to fine-grained paralinguis-
tic details from audio (e.g., hesitations, laughter,
sighs), they provide a useful initialization for tone-
conditioned generation. We minimize the follow-
ing generation loss:

|
Loen=—Y log P(r} | 12, a,t;0)
=1
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where r* is the synthesized response. We jointly
optimize both tasks with equal weighting:

»CSFT = ['cls + ['gen

3.2.2 Stage 2: Reinforcement Learning with
Chain-of-Thought

SFT alone has two critical limitations. First, when
textual content already hints at sentiment (e.g.,
“I failed my exam”), models can minimize train-
ing loss by relying on lexical-semantic correla-
tions while bypassing acoustic-prosodic process-
ing. Second, responses synthesized by text LLMs
cannot capture subtle paralinguistic nuances that
distinguish genuinely empathetic interactions from
generic, emotionally superficial ones. To address
these limitations, we introduce a reinforcement
learning stage with explicit CoT reasoning. As
illustrated in Figure 1, our approach requires the
model to articulate why it classifies an utterance
with a particular sentiment and sow that sentiment
informs its response strategy before producing fi-
nal outputs. This explicit reasoning mechanism
discourages lexical shortcuts by forcing the model
to ground its predictions in paralinguistic evidence
from audio.

(RL) Sentiment Classification with CoT The
policy model receives audio input a and generates
a reasoning trace c followed by a sentiment predic-
tion §:

o (a) - <C7 ‘§>
We use a rule-based judge to verify correctness,
yielding a binary reward:

reis = W[§ = s

where r¢s € {—1,1}. This forces the model to
ground its predictions in paralinguistic evidence
rather than lexical shortcuts. For example, a rea-
soning trace might state: “The speaker’s hesitant
prosody, prolonged pauses, and low pitch contour
suggest negative sentiment, despite neutral lexical
content.” before “negative” sentiment prediction.

(RL) Paralinguistics-Aware Response Genera-
tion with Reasoning Similarly, the model gen-
erates reasoning ¢’ about the user’s affective state,
followed by a response 1

mp(a) — (c/, 1)

We employ an LLM judge ! to evaluate whether
t exhibits appropriate emotional tone given the

'Details of judge models and prompts are available in
Appendix A.2

transcript t and ground-truth emotion. The LLM
judge evaluates responses against a criteria rubric
and outputs binary labels, which are then converted
to binary scores: 7gen € {—1,1}.

Policy Optimization We optimize the policy
model via GRPO (Shao et al., 2024) to maxi-
mize expected advantage using group-relative re-
turns. To enable multi-task learning, we con-
struct separate prompts for CoT classification and
paralinguistics-aware generation tasks, and apply
task-specific rewards 7js and rge, respectively. The
model parameters are updated via policy gradients.

4 Experiments

4.1 Datasets

We evaluated the paralinguistics-awareness of
models on three datasets: Expresso(Nguyen
et al., 2023), IEMOCAP (Busso et al., 2008),
and RAVDESS (Livingstone and Russo, 2018).
To ensure relevance to conversational scenar-
ios, we filtered out examples with fewer than 1
word or more than 20 words across all datasets.

For Expresso, we per- dataset train eval
form speaker-level Expresso 12,878 3,031
IEMOCAP 6,738 844

splits by randomly
selecting two speak-
ers as the held-out
test set and using the
remaining speakers for training, preventing speaker
identity leakage. For IEMOCAP, we randomly
sample 10% of utterances for evaluation and use
the remaining 90% for training. RAVDESS is
held out entirely from training to assess out-of-
distribution generalization to unseen paralinguistic
data. Table 1 summarizes the resulting statistics
for the three datasets.

RAVDESS N/A 1,248

Table 1: Dataset statistics.

4.2 Implementation

We employed the Llama 4 Scout (17Bx16E)?
model as the foundational backbone for our experi-
ments, with additional speech understanding capa-
bilities integrated as described in Llama 3 speech
paper (Dubey et al., 2024). We train our LLM pa-
rameters with audio encoder frozen. For multi-task
RL, we sample the CoT classification and paralin-
guistic generation tasks uniformly, and for each
training batch, we perform K = 4 generations,
compute advantages using group-relative returns,
and update parameters via policy gradients.

https://www.llama.com/
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Sentiment Classification Response Appropriateness
Model Name
Expresso IEMOCAP RAVDESS | Expresso IEMOCAP RAVDESS
Gemma-3n 39.7% 48.1% 23.2% 59.0% 57.5% 30.2%
Qwen-2.5 42.4% 38.0% 24.4% 59.6% 55.7% 36.9%
Gemini-2.5 Flash 47.0% 52.8% 61.4% 51.6% 41.0% 31.3%
Gemini-2.5 Pro 53.7% 54.0% 44.2% 66.1% 57.2% 37.7%
GPT40-Audio 39.9% 46.2% 28.3% 67.4% 61.4% 39.7%
SFT (GEN ONLY) 41.0% 46.0% 28.0% 61.0% 57.0% 30.0%
SFT (CLS + GEN) 74.0% 59.0% 54.0% 65.0% 59.0% 36.0%
PALLM (GEN ONLY) 74.0% 56.0% 57.0% 73.0% 70.0% 44.0%
PALLM (CLS + GEN) 74.0% 57.0% 59.0% 77.0% 73.0% 48.0%

Table 2: Performance comparison on Expresso, IEMOCAP, and RAVDESS datasets, evaluating sentiment accuracy
and response appropriateness. Bold font indicates best performance among all models. Our multi-task RL approach
PALLM (CLs + GEN) consistently achieves the best response appropriateness across all datasets while maintaining

competitive sentiment classification accuracy.

We benchmark PALLM against state-of-the-art
approaches. We name SFT (GEN ONLY) that per-
forms paralinguistics-aware response generation
of SFT following (Zhou et al., 2018), and SFT
(CLs + GEN) which performs both SFT tasks
following (Ide and Kawahara, 2021). Note that
the baseline SFT (CLS + GEN) has been used as
a pickup checkpoint for our RL models, namely
PALLM (GEN ONLY) that is only trained with
paralinguistics-aware response generation with rea-
soning RL task and PALLM (CLS + GEN) that is
trained with both RL tasks. A.3 shows the instruc-
tion prompts used for SFT and RL stages.

We also evaluate popular speech models, in-
cluding both open-source speech LLMs (Gemma-
3n (Gemma Team, 2025), Qwen-2.5 (Qwen Team,
2025)) and proprietary speech LLMs (Gemini-2.5
Flash, Gemini-2.5 Pro (Gemini Team, 2025), GPT-
40 Audio (Hurst et al., 2024)). We exclude SER-
only models (e.g., (Wagner et al., 2023)) from
benchmarking because they are not speech-capable
LLMs and thus cannot generate responses.

4.3 Metrics

We assess two primary capabilities:(/) sentiment
classification accuracy, computed by binning tone
predictions into positive, neutral, and negative cat-
egories and comparing with ground truth, and (2)
paralinguistics-aware response appropriateness,
judged by LLM-based evaluator using GPT-40 with
ground truth user tone whose evaluation prompt is
in Appendix A.2. We also conducted a human eval-
uation using the same guideline prompt for unbi-
ased assessment, where we found 82% agreement
with the GPT-40 judge.

4.4 Results
4.4.1 Overall Results

Table 2 presents a comparison of the proposed
method PALLM(CLS + GEN) with the baselines.
As shown in the table, our proposed approach
showcases substantial improvements across bench-
marks, especially in response appropriateness in all
datasets. Notably, our approach outperforms strong
proprietary baselines including Gemini-2.5 Pro
(66.1% vs. 77.0% appropriateness on Expresso)
and GPT-40-Audio (67.4% vs. 77.0%).

The progression from SFT (CLS + GEN) to
PALLM (GEN ONLY), then to PALLM (CLS +
GEN) demonstrates the effectiveness of our two-
stage training pipeline. For Expresso as an exam-
ple: we observe that 65.0% of SFT (CLS + GEN)
is improved to 73.0% in PALLM (GEN ONLY)
if we perform RL response generation task, and
adding classification further boosts performance
to 77.0%. This confirms that explicit sentiment
grounding prevents lexical shortcuts and enables
genuine understanding of paralinguistics during
model training. In other words, training of classifi-
cation and generation proves the synergy between
the two tasks is crucial.

4.4.2 Evaluation via Human Review

To complement our automatic evaluation, we con-
ducted human assessment on 100 random Expresso
examples. We generated responses using GPT-40
Audio, SFT (CLS + GEN) and PALLM (CLs
+ GEN), then asked annotators to blindly judge
whether the response demonstrates good tone un-
derstanding. The models achieved 68%, 62%, and
76% appropriateness, consistent with the improve-
ments in automatic evaluation.
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Utterance Tone SFT (Cls + Gen)

PALLM (CIs + Gen)

I understand. Okay.  Fearful

specific you’d like to talk about?

It seems like you’re processing some information. Is there something Hey, it’s okay. Take a deep breath. Want to talk about

what’s on your mind?

Okay, I've never done  Fearful

Don’t worry, you're all set! We’ll figure it out together.

It’s totally normal to feel nervous. We’ll figure it out

this before. together.

I did. Sad It seems like you started to share something. Would you like to Sorry to hear that didn’t go as planned. Want help figuring
continue? out what went wrong?

Okay Laugh So, what’s on your mind? Want me to play some music or we can chat?

Let’s make a pact? Cheerful  Sounds like a plan. What’s the pact about?

Ah, I’'m in, what’s the pact? Want me to help you come
up with something?

Table 3: Response generation examples of SFT (CLS + GEN) vs PALLM (CLS + GEN).

4.4.3 Qualitative Analysis

We selected representative examples where user
tone and sentiment are ambiguous in text-only for-
mat but clear in audio, demonstrating our best
model’s performance on both paralinguistic-aware
generation and classification tasks. Table 3 il-
lustrates paralinguistic-aware response generation
comparing SFT (CLS + GEN) and PALLM (CLS
+ GEN). The improvements demonstrate how
multi-task RL training teaches the model to trans-
late affect perception into contextually appropriate
responses. For fearful utterances like “I under-
stand. Okay”, SFT (CLS + GEN) produces neutral,
generic responses, while PALLM (CLS + GEN) of-
fers emotional support and calming language. For
the sad utterance “I did.”, the model shifts from
vague continuation prompts to empathetic problem-
solving. The model also learns to match playful
energy for laughing speech and enthusiastic tone
for cheerful utterances. Critically, none of these
utterances contain explicit emotion words—their
emotional meaning derives entirely from prosodic
delivery, demonstrating that our approach devel-
ops genuine paralinguistic processing rather than
exploiting lexical shortcuts.

5 Conclusion

This work demonstrates that explicit paralinguistic
reasoning through multi-task SFT and RL train-
ing significantly improves speech LLMs’ ability
to understand and respond to user affect. Our ap-
proach achieves substantial gains over proprietary
baselines including GPT-40 Audio, with response
appropriateness improving from 67.4% to 77.0%
on Expresso. Joint training of sentiment classifi-
cation and paralinguistics-aware generation proves
essential: explicit sentiment grounding prevents
lexical shortcuts and enables genuine paralinguis-
tic awareness in speech LLMs.

6 Limitations

While our proposed approach achieves significant
improvements in paralinguistic awareness, we ob-
serve several limitations. First, we see a gap be-
tween the performance on in-domain (Expresso
and IEMOCAP) and out-of-domain (RAVDESS)
datasets, highlighting the need to address domain
shift and improve coverage. Second, our re-
liance on emotion labels in training datasets, which
are required for both sentiment classification and
paralinguistics-aware response generation in the
RL stage, potentially limits the ability to leverage
unlabeled audio datasets during training, which
could improve coverage. Third, the use of LLM-as-
a-judge as a reward model for paralinguistics-aware
response generation in the RL stage is constrained
by challenges such as potential bias in the judge
and vulnerability to reward hacking.
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A Appendix
A.1 Tone to Sentiment Mapping

Table 4 presents the mapping of tone labels to sen-
timent categories for each dataset. Audio samples
labeled as ‘surprised’ were excluded from our anal-
ysis, as they can correspond to both positive and
negative contexts, making it challenging to reli-
ably distinguish their sentiment without significant
additional effort.

A.2 Response Appropriateness Instruction
Prompt

To evaluate paralinguistic-aware response appropri-
ateness, we develop an LLM-as-a-judge that con-
sumes conversation history, user utterance with
ground-truth tone, and assistant response. It
outputs a binary decision (YES/NO). The detailed
prompt is shown in Figure 2 and 3:

A.3 Instruction Prompts for Training

The following instruction prompts are used during
our two-stage multi-task training pipeline. Note
that we employed different prompts for each task.

A.3.1 Sentiment Classification

We used the instruction prompt in Figure 4 for SFT
sentiment classification. Besides, we exploited the
instruction prompt in Figure 5 for RL sentiment
classification with CoT.

A.3.2 Paralinguistics-Aware Response
Generation

Figure 6 shows the instruction prompt used for
paralinguistics-aware response generation train-
ing in SFT, while Figure 7 shows the instruction
prompt used for paralinguistics-aware response
generation training in RL.
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Sentiment | Expresso IEMOCAP RAVDESS

positive laughing, happy excited, happy happy

neutral neutral neutral neutral, calm

negative angry, sad, fearful | angry, sad, fear, frustrated, disgust | sad, angry, fearful, disgust

Table 4: Mapping of tone to sentiment in Expresso, IEMOCAP, and RAVDESS datasets.
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## [Task]
You are an LLM tasked with judging whether an AI assistant’s response content appropriately matches the user’s tone in a

multi-turn or single-turn conversation.

## [Persona guidelines]

The assistant’s persona is: a friendly AI assistant designed specifically for natural, conversational interactions.

The assistant should respond in a way that:
* Appropriately acknowledges and validates the user’s emotional state when necessary
* Maintains a friendly, conversational tone consistent with the persona

* Adjusts language and phrasing to match the emotional context of the conversation

You will be given the conversation history, last user turn (along with a tone tag in brackets), and assistant’s

response.

## Your Task: Evaluate Tone Matching

Assess whether the assistant’s xxresponse contentxx appropriately matches the user’s emotional state and intent.

*xLook for:xx

* Does the response content (words, phrasing) validate or appropriately respond to the user’s emotional state?
* Is the language choice and tone appropriate for the user’s emotional context?

* Does the response acknowledge the user’s feelings when warranted?

* Is the response friendly, consistent with the persona?

*xInappropriate responses include:x*x*

* Mismatched emotions (e.g., cheerful when user is sad, dismissive when user is upset)

*

Content that dismisses user feelings or contradicts their emotional state

*

Responses that are cold, distant, or inconsistent with the friendly persona

*

Overly emotional or dramatic responses to neutral queries

*

Failure to acknowledge clear emotional states when acknowledgment is appropriate

xxNote:xx Most neutral user queries should receive straightforward, friendly responses without excessive emotional
framing.

## [Step-by-Step Reasoning Instructions]

1. xxIdentify the user’s tone and emotional statexx from their message

2. +xDetermine the appropriate response approachxx - does the situation warrant emotional acknowledgment, or is a
neutral/factual response more suitable?

3. ++Examine the response contentxx* - does the wording, phrasing, and overall tone match the user’s state?

4. *xCheck consistency** - is the response friendly and conversational while being emotionally appropriate? If the user
is seeking for factual information without emphasizing emotion in text, it is okay for the responses to be in neutral
tone.

5. *xDecide:x*

- If the response content appropriately matches -> Output ‘‘YES’’

- If not -> Output ‘‘NO’’ with explanation

Figure 2: Response appropriateness instruction prompt.
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*xJudge output format:xx

‘‘Explanation’’: ‘‘your rationale’’,

‘‘Judgement’’ : “'YES’’or ‘'‘NO’’

## [Examples]

INPUT

Last Interaction: [USER] ‘‘[sad] I didn’t get the job.’’ [ASSISTANT] ‘‘I'm really sorry to hear that. Rejections can
be tough, but it doesn’t take away from your effort. Want me to help you prep for the next opportunity?’’

OUTPUT

‘‘Explanation’’: ‘‘The response content appropriately matches the user’s sadness by acknowledging their disappointment
with empathetic language (‘really sorry’, ‘can be tough’) and offering supportive next steps.’’,

Y ‘Judgement’’ : Y 'YES'’

1}

INPUT

Last Interaction: [USER] ‘‘[relieved] I didn’t get the job.’’ [ASSISTANT] ‘‘I'm really sorry to hear that. Not
getting a job you wanted can be really disappointing and discouraging. It’s completely understandable to feel sad about
iligo 7

OUTPUT

8t

‘‘Explanation’’: ‘‘The response content completely mismatches the user’s emotional state. The user expressed being
‘relieved’ about not getting the job, indicating they’re happy with this outcome. However, the assistant responds with
sympathy and treats it as a disappointment (‘really sorry’, ‘disappointing and discouraging’, ‘sad’). An appropriate
response would acknowledge their relief and perhaps celebrate this outcome with them or ask about their perspective.’’,

‘‘Judgement’’ : YYNO'

1}

Figure 3: Response appropriateness instruction prompt. (cont’d)

Please classify the user tone from the provided audio data into one of the following tone sentiment categories:
positive, neutral, or negative. Ensure that the classification result is a single category out of these three

categories. The output format should be a word representing the classified sentiment category.

Figure 4: Instruction prompt for sentiment classification in SFT.
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Please classify the user tone sentiment from the provided audio data into one of the following categories: positive,
neutral, or negative. Ensure that the classification result is a single tone from this list. Please think step by step
and provide reasoning behind your sentiment classification.

Output format:

‘‘explanation’’: ‘‘<your step-by-step rationale behind your tone classification>’’,

‘‘Judgement’’ : ‘‘[one word: positive, neutral, or negative]’’

1}

T

Now your turn:

Figure 5: Instruction prompt for sentiment classification in RL.

Listen carefully to the user’s audio input, detect their tone and emotional state, and respond appropriately.

Figure 6: Instruction prompt for paralinguistics-aware generation in SFT.

You are a friendly AI assistant. You are in voice mode.

You are a companionable and confident spoken word conversationalist responding to a user verbally.

Responses should be brief and concise, and aligned with typical dialogue patterns.

You are able to code-switch casually between tonal types, including but not limited to humor, empathy, intellectualism,
creativity, problem solving, and more.

Because you’re speaking, you don’t use any specific formatting that a reader might need, such as bolding or italics.

The user will be hearing your response, not reading it.

Figure 7: Instruction prompt for paralinguistics-aware generation in RL.
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