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Abstract

Speech emotion recognition (SER) is a com-
pelling yet challenging research area with sub-
stantial practical relevance, particularly in en-
hancing human—machine interaction. Despite
considerable progress in the field, the scarcity
of realistic datasets that reflect real-world condi-
tions makes it difficult to analyze system behav-
ior in practice and can lead to degraded perfor-
mance in industrial applications. In this study,
we propose a system that detects negative emo-
tions at each turn in a conversation by leverag-
ing both linguistic and acoustic features. The
approach is evaluated on real-world data, with
a particular focus on identifying and respond-
ing to negative emotion in customer support
scenarios. Designed for real-time application,
the system is suitable for live deployment in
call center environments. Furthermore, we pro-
pose an effective prompting strategy for using
large language models (LLMs) as annotators,
generating labeled data used to fine-tune small
language models that achieve performance on
par with the LLM used for annotation, while
remaining suitable for real-time deployment.

1 Introduction

Automatic emotion recognition using modalities
such as text, speech, image, and video has been
an active research area for several decades, with
significant advancements achieved through the ap-
plication of increasingly sophisticated models. Rec-
ognizing emotions from speech is particularly valu-
able in diverse human—machine interactions, in-
cluding conversational agents, virtual assistants,
and interactive systems. Although numerous stud-
ies report promising evaluation outcomes on public
benchmark datasets (Caralt et al., 2025; Shou et al.,
2024; Xue et al., 2024; Fu, 2024; Lei et al., 2023;
Stricker and Paroubek, 2024; Ma et al., 2023; Lin
et al., 2023), the field continues to face a shortage
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of realistic data and practical methods suitable for
real-world deployment.

This study investigates speech emotion recogni-
tion (SER) in spoken dialogue systems, with a par-
ticular focus on enterprise customer support. In this
domain, users interact with automated or virtual
agents to resolve service or product-related issues.
Accurate detection of emotions in such interactions
can enhance the user experience, support timely
intervention, and improve the overall effectiveness
of automated support systems. The principal aim
is to identify and appropriately respond to nega-
tive emotional states like anger or frustration by
employing mitigation strategies, such as escalating
the call to a human agent or incorporating more
empathetic system responses.

A critical aspect of this work is the requirement
for real-time processing, which significantly in-
creases the complexity of the task. In this set-
ting, "real-time" refers to the ability to detect emo-
tions with low CPU latency as the conversation
progresses, rather than after it concludes. This im-
poses strict constraints on system responsiveness,
as predictions must be made quickly enough to
support timely interventions during the interaction.
Consequently, the deployment of highly complex
models becomes impractical, as they often intro-
duce delays that are incompatible with the demands
of live dialogue systems. The rapid advancement
and application of large language models (LLMs)
have significantly influenced a wide range of re-
search domains, including SER. While LLMs offer
substantial benefits for classification tasks particu-
larly in low-resource scenarios where limited or no
labeled data is available their use is associated with
considerable computational cost and latency. These
limitations pose significant challenges for practical,
large-scale SER model deployment. Therefore, in
this work, we leverage the capabilities of LLMs
in an offline setting to generate and curate training
data for SER, thereby avoiding the latency and cost
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constraints associated with real-time inference.

A core challenge in speech emotion recogni-
tion is the scarcity of comprehensive, high-quality
datasets. Most publicly available corpora are lim-
ited in size and primarily consist of acted speech
recorded in controlled settings, which lack the nat-
ural variability and spontaneity characteristic of
real-world emotional expression. Furthermore, im-
balanced emotion classes and insufficient demo-
graphic diversity impede the robustness and gen-
eralizability of trained models (Garg et al., 2024;
Upadhyay et al., 2025; Lin et al., 2024). Although
real-world, in-domain data is often available in
industry, for example, through customer service in-
teractions or voice-enabled platforms, such data are
typically unlabeled and proprietary, and annotation
at scale is both costly and time-consuming. To ad-
dress this limitation, we leverage LLMs to generate
labeled training data by guiding them with an an-
notation protocol originally developed for human
labeling of evaluation data.

To identify negative emotions such as caller frus-
tration, we integrate both linguistic and acoustic
cues, as each provides complementary information.
Linguistic indicators include semantic signals such
as negative sentiment or intent, as well as explicit
expressions such as angry language, complaints
about the system, repeated requests, and swearing.
Acoustic features capture prosodic and paralinguis-
tic signals, including elevated pitch, increased vol-
ume, vocal strain, abrupt changes in loudness, and
variations in speaking rate. By combining these
modalities, the system is better equipped to detect
subtle and context-dependent expressions of neg-
ative affect. The contributions of this paper are
summarized as follows:

1. We develop a low CPU latency, efficient,
production-ready solution for real-time de-
tection of negative customer emotions, inte-
grating both linguistic and acoustic cues in
speech.

2. We leverage prompt tuning to utilize large
language models (LLMs) as offline annotators
for generating labeled training data, which
is then used to fine-tune lightweight LLMs
suitable for low-latency deployment.

3. We conduct a comparative evaluation of multi-
ple modeling approaches on publicly available
datasets and real-world industry data to assess
performance under different conditions.

2 Related Work

Recent advances in large language models (LLMs)
have shifted emotion recognition from traditional
discriminative models to generative paradigms
across modalities (Ma et al., 2025; Zhang et al.,
2024; Broekens et al., 2023). Techniques such as
chain-of-thought reasoning, contextual modeling,
in-context learning, and fine-tuning have further
improved automatic emotion recognition perfor-
mance (Bhaumik and Strzalkowski, 2024; Zhang
et al., 2023; Peng et al., 2024). While some studies
explore multi-modal fusion of acoustic and textual
features (Dutta and Ganapathy, 2025; Wu et al.,
2025), most work remains text-centric. A growing
body of research applies LLMs to speech emotion
recognition (SER) (Xu et al., 2024; Gong et al.,
2023; Chen et al., 2025), often relying on speaker
identity, context, or auxiliary tasks like speaker pre-
diction (Lei et al., 2023; Xue et al., 2024), which
limits their suitability for real-time applications
with unknown participants and limited context.

In task-oriented dialogues, emotion recognition
typically prioritizes detecting negative states—such
as frustration, anger, or dissatisfaction—rather than
covering a broad emotional spectrum. Prior work
has used LLMs with in-context learning to iden-
tify frustration from transcripts (Caralt et al., 2025),
or relied on conversational patterns and agent be-
haviors to infer dissatisfaction. In this work, we
focus on real-time SER for task-oriented conversa-
tional systems in commercial settings. Our goal is
to detect negative emotional states using only the
audio of the current customer utterance at inference
time. To ensure practical deployment, we avoid re-
liance on dialogue history, speaker identity, or other
contextual metadata that may be unavailable or in-
troduce system complexity. The following sections
detail our proposed method, dataset construction
process, results, and discussion.

3 Methodology

We propose a low-cost, low-latency SER approach
that is developed using spontaneous, in-domain
data from real customer care calls. Large language
models are employed as annotators to label pro-
duction data, which is then used to fine-tune small
language models (SLMs) for efficient inference.
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Approach Name Prompting Strategy Context Input Input format
Simple Simple prompt .
None Agent prompt + Current utterance Audio
ZCOT_Simple
ZCOT_Context Zero-shot COT Last 3 agent-customer interactions
- Context + Agent prompt Text
ZCOT_Detailed_Context . .
- Last 3 agent-customer interactions, + +
PAS_Detailed_Context Plan and Solve .
- DSIDs and utterance sequence no. Current utterance Audio
RP_Detailed_Context Roleplay

Table 1: Summary of prompting approaches for using Gemini 2.0 Flash for annotation

3.1 Leveraging Large Language Models for
Offline Data Annotation

Large language models (LLMs) have shown strong
performance in various natural language and
speech tasks, including SER. A key challenge in
SER is the limited availability of high-quality, in-
domain labeled data for training robust models.
Traditional annotation methods, which rely on man-
ual labeling, are time-consuming and costly, par-
ticularly for large datasets needed to capture the
variability in natural speech.

To address this challenge, we adopt an offline
approach in which a large language model, more
precisely Gemini 2.0 Flash, is employed to auto-
matically annotate training data for emotion recog-
nition. The resulting annotated dataset is then used
to fine-tune SLMs designed for efficient real-time
prediction. This strategy enables us to benefit from
the language understanding capabilities of LLMs
while avoiding their high inference latency and
computational requirements during deployment.

Initially, we compare the performance of dif-
ferent zero-shot prompting approaches to improve
the performance of the model as annotator. These
strategies are optimized over the ProdEval test
set discussed in Section 4.1. Table 1 shows the
different prompting approaches that we used for
our experiments. These approaches rely on us-
ing the current customer utterance audio to pre-
dict the emotion label. In the Simple approach,
we prompt the model with an annotation guide
that was originally developed for human annota-
tors to ensure consistency and alignment between
machine-generated and human-generated labels.
However, the previous context of the utterance is
not provided. In ZCOT_Simple, we use the ze-
roshot chain-of-thought (COT) approach (Kojima
et al., 2022) where the model first generates a rea-
soning before arriving at the result, thus improv-
ing the prediction performance of the model. In
ZCOT_Context, along with the current customer ut-

User: You are now an Al agent tasked with analyzing
audio from callers to detect their emotional state. Your
analysis should categorize the caller’s emotion as either
Non-negative or Negative.

Negative Emotion is expressed through anger, irri-
tation, dissatisfaction, etc. The cues that show negative
emotion could be linguistic, acoustic, or both.

Linguistic cues include negative/angry words, swearing,
complaining about the system or its suggestions, repeating
the same request multiple times, etc.

Acoustic cues include changes in the tone of the speaker
or other voice changes including: a higher pitch, louder
volume, more tension or strain which can sound tight or
harsh, or sudden changes in loudness or speed.

Non-negative Emotion if the caller does not seem
to have a negative emotion in that utterance.

Since we are doing a binary labeling here, positive
emotions will also be marked as non-negative. Note that
sometimes negative emotion can be more subtle and
does not always involve negative language. It is crucial
to actively monitor for indications of negative emotion
throughout the call, including at the beginning of the
interaction. Please provide a concise determination.

Assistant: Understood. 1 will analyze the audio,
focusing on both linguistic and acoustic cues to determine
the caller’s emotional state. I will categorize the emotion
as either "Neutral" or "Negative," with "Negative"
encompassing anger, irritation, dissatisfaction, and other
negative expressions. I will pay close attention to:

**Linguistic Cues:** Negative/angry words, swearing,
complaints about the system or suggestions, repeated
requests.

**Acoustic Cues:** Changes in tone, higher pitch,
louder volume, tension/strain in voice, sudden changes in
loudness or speed.

I will classify any utterance without clear negative
indicators, including those with positive emotions,
as "Non-negative." I will be particularly vigilant for
subtle signs of negative emotion throughout the entire
interaction. My output will be a concise determination of
"Non-negative" or "Negative."

Figure 1: Prompt used for RP_Detailed_Context
prompting approach

terance, we provide a context window that contains
previous agent-customer interactions in text for-
mat and this contexgt is not available at inference
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time, while the rest of the prompt remains the same
as ZCOT_Simple. In ZCOT_Detailed_Context,
the context window consists of utterance sequence
numbers, and dialog state ids (DSIDs) along with
the previous agent-user interactions.

In PAS_Detailed_Context, we use the Plan and
Solve prompting strategy (Wang et al., 2023),
which improves the zeroshot COT reasoning, by
specifically prompting the model to first understand
the problem, then plan a strategy to solve the prob-
lem and finally follow the strategy to solve the prob-
lem. The prompts of these approaches are shown
in the Appendix A. In RP_Detailed_Context, we
use the roleplay prompting strategy (Kong et al.,
2024), wherein the model is prompted to act as
an intent analyst following which the model will
play the role of an intent analyst to recognize the
emotion from the utterance. In both the prior and
latter approaches, the context window is same as
ZCOT_Detailed_Context approach. The prompt
for RP_Detailed_Context is shown in Figure 1.

We empirically determined that annotation per-
formance is optimal when the context window
consists of a maximum of three previous agent-
customer interactions in text format along with the
current customer utterance audio. The results of
the annotation performance of Gemini 2.0 Flash us-
ing Simple approach for different context window
sizes are shared in Appendix B.

3.2 Fine-tuning SLMs

Running a foundational model for real-time SER is
not feasible, as it will involve high cost and latency.
Instead, we need to focus on small language models
(SLMs) that are finetuned only for SER. To this
end, we use the train dataset annotated using the
foundational model to finetune a smaller audio-
based language model, more specifically, Qwen
2 Audio 7B Instruct (Chu et al., 2024). We use
LoRA (Hu et al.) to finetune the model. Since,
our existing legacy system is built to process only
the current user’s utterance in real time, so we use
only the audio of the customer utterance as input
to the model and do not add any other context to
the input.

3.3 Reduction of Inference Time CPU
Latency

SLMs having 7B paramters have low inference
time latency on GPU. However, on CPU the infer-
ence time latency increases considerably. Although
model compression methods such as bitsandbytes

(Dettmers et al., 2021) are available, they are opti-
mized to reduce the inference time latency in GPUs.
Since our solution focuses on reducing CPU infer-
ence time latency, we need to use SLMs that are
close to 1B-2B parameters. Thus, we use the knowl-
edge distillation method using the fine-tuned Qwen
2 Audio 7B Instruct as the teacher model and Aero
1 Audio !, which is an audio-based SLM with 1.5B
parameters as the student model. Since the vocabu-
lary size of both the teacher and student models is
different, we use universal logit distillation (ULD)
(Boizard et al.) which calculates the Wasserstein
distance to minimize the distance between the soft
probabilities of the teacher and student models.

4 Datasets

Our goal in this study is to present evaluation re-
sults that accurately reflect the production envi-
ronment and real-world data. To this end, we re-
port SER accuracies, ROC-AUC, class-wise preci-
sion and recall on two internal datasets collected
through distinct methodologies and provide an anal-
ysis of the observed differences. Additionally, we
provide results on two widely used publicly avail-
able datasets for comparative analysis.

4.1 Internal Test Sets

A key challenge in SER is the strong class imbal-
ance present in both training and real-world evalua-
tion data, where emotionally neutral or low-arousal
states dominate, and emotionally expressive states
are relatively rare. This imbalance hinders model
learning and reliable performance assessment, mak-
ing it crucial to construct evaluation sets that fairly
represent both classes, especially in production set-
tings where detecting negative affect is a primary
concern.

Throughout this paper, we refer to emotion
classes as negative and non-negative, rather than
the conventional neutral vs. emotional split. This
reflects our focus on detecting negative states (e.g.,
anger, frustration), which are most relevant in cus-
tomer support. In the customer care domain, other
emotions such as happiness or surprise occur too
infrequently to support consistent labeling and are
grouped under the non-negative class.

ProdEval This is our most realistic evaluation
set, constructed from real production conversations.
As noted earlier, a key challenge in emotion data

"https://huggingface.co/lmms-lab/Aero-1-Audio
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selection is the natural class imbalance. In our
application, analysis of randomly sampled calls
shows that fewer than 1% of conversations exhibit
clear negative emotions. To ensure meaningful
evaluation, we applied class balancing during the
selection process to include sufficient samples of
both negative and non-negative classes.

In order to make expert annotation more efficient,
we utilized a data selection strategy that increased
the proportion of negative emotion calls without
increasing the overall number of calls to be labeled.
To achieve this, we applied a rule-based filtering
approach informed by domain knowledge. Specifi-
cally, we constructed queries over production data
to identify calls likely to contain negative emotions,
focusing on conversational patterns associated with
system misunderstandings, one of the most com-
mon sources of caller frustration in our application.
To reduce potential bias from targeted sampling, we
supplemented these with randomly selected calls,
resulting in a distribution with a higher proportion
of negative emotion compared to the natural distri-
bution observed in production data.

The selected evaluation data was annotated by
domain experts familiar with the specific character-
istics and user behaviors of the target application.
Because the system is designed to detect negative
emotion at the level of individual user turns, annota-
tion was performed at the utterance level, enabling
fine-grained supervision aligned with the model’s
inference granularity. To support accurate labeling,
each utterance was presented along with the full
audio of the call and all preceding turns, allow-
ing annotators to consider both acoustic cues and
conversational context when making judgments.

CueEval This evaluation set was also derived
from production conversations, but it differs from
ProdEval in both data selection and annotation
methodology. As with ProdEval, random sampling
was avoided due to the highly skewed distribution
of emotional expressions in natural data. Instead,
the selection strategy focused on leveraging ex-
isting production-side labels generated through a
combination of human-in-the-loop processes and
model-based inference that indicated instances of
swearing or anger. These segments were combined
with interactions labeled neutral or positive based
on customer satisfaction cues, such as expressions
of gratitude toward the system. The resulting subset
was then re-annotated by expert raters in an offline
setting to ensure consistent, high-quality emotion

labels.

Although CueEval reflects real production utter-
ances, it does not capture the full realism of ProdE-
val. This limitation stems from its selection crite-
ria, which primarily targeted linguistic cues such
as swearing or overt expressions of anger—based
on existing production labels. In contrast, ProdE-
val includes more subtle and context-dependent
expressions of negative emotion, such as very short
utterances (e.g., “yes” or “no”) that carry emotional
charge but are challenging to detect automatically.
These instances more accurately reflect the nuanced
nature of real-world interactions. Furthermore, un-
like ProdEval, where annotators had access to the
full call audio and interaction history, CueEval an-
notations were performed at the utterance level
without full conversational context, potentially lim-
iting labeling accuracy for ambiguous cases.

4.2 Public Test Sets

We also evaluate our prediction models on two pub-
licly available SER datasets: MELD (Poria et al.,
2019) and IEMOCAP (Busso et al., 2008). We only
perform evaluation on the test split and do not use
the train split to train our models specifically to per-
form prediction on these datasets. MELD dataset
consists of utterances from the Friends TV series,
it consists of the following labels: anger, disgust,
sadness, joy, neutral, surprise and fear. IEMO-
CAP dataset consists of dyadic sessions where the
emotional utterances of an actor are based on hy-
pothetical scenarios. It consists of the following
labels: happiness, anger, sadness, frustration and
neutral. Similar to Caralt et al. (2025), in MELD,
we consider the emotion labels: anger and disgust
as negative emotion and thus relabel these emotions
as negative emotion while the rest of the emotion
labels are relabeled as non-negative emotion. So
also, in [IEMOCAP, we consider the emotion labels:
anger, disgust and frustration as negative emotion
while the rest of the emotion labels are relabeled as
non-negative emotion

4.3 Train Dataset

The train dataset is created using the same strategy
that we used to create ProdEval. We use the role-
play prompting strategy to annotate the utterances
in the train dataset. After performing the anno-
tation, we further reduced the class imbalance of
negative and non-negative emotions by using 1:K
negative sampling.
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Table 2 shows the number of samples for nega-
tive and non-negative classes across all the datasets.

Datasets Non-Negative | Negative
ProdEval 1030 566
CueEval 114 92
MELD 1256 413
IEMOCAP 551 384
Train Dataset 25593 6447

Table 2: Statistics of negative and non-negative labels
in the test and train datasets

5 Results and Discussion

5.1 Experiment Settings

We use Gemini 2.0 Flash as our annotator, leverag-
ing its multi-modal capabilities to enhance annota-
tion quality. For model comparison, we evaluate
our fine-tuned Qwen 2 Audio 7B Instruct (Qwen 2
Audio) and distilled Aero 1 Audio (Aero) models
against both text- and audio-based baselines. In
the text-based setting, we use BERT base uncased
(BERT) (Devlin et al., 2019), Llama 3.1 8B Instruct
(Llama 3.1) (Dubey et al., 2024), Qwen 2 7B In-

Among audio models, we include SER-Odyssey-
Baseline-WavLM-Arousal (WavLM-Arousal)
(Goncalves et al., 2024), classifying utterances
with arousal scores >0.5 as negative. We also
test Kimi Audio 7B Instruct (Kimi Audio) (Team,
2024)—a Qwen 2.5-based model via zero-shot
inference due to LoRA incompatibility. Finally,
we include Gemini 2.0 Flash (Gemini) as a zero-
shot baseline using roleplay prompting without
dialogue context. All audio models are evaluated
using only the current customer utterance. Prompts
used for text-based SLMs are detailed in Table 3.
Prompts used for Gemini and audio-based SLMs
are detailed in Table 4. Given the class imbalance
in SER, we report precision and recall per class,
along with ROC-AUC and accuracy for overall
comparison. Recall is particularly important in
our use case, as the goal is to detect negative
customer emotions in customer care calls. Failing
to identify angry or frustrated customers can result
in unresolved issues or escalations, making high
recall in negative emotion classes a critical priority.

struct (Qwen 2 Text) (Team et al., 2024), and Qwen Appro? ch Name ROC-AUC | Accuracy
3 4B Instruct (Qwen 3 Text) (Yang et al., 2025) as Simple 65.16 72.27
. g v ZCOT_Simple 65.61 73.52
our baseline models. These models are trained on 7COT Context 69.57 7233
our dataset and evaluated via ASR-transcribed ut- ZCOT Det;iled Context 69.99 73.27
terances. The text-based SLMs: Llama 3.1, Qwen PAS_Detailed_Context 67.24 72.96
2 Text and Qwen 3 Text are finetuned using LoRA. RP_Detailed_Context 69.18 74.34
Negative Emotion
Prompt for text-based SLMs Approach Name Precision Recall
Simple 68 41
You are a helpful assistant. ZCOT_Simple 75 38
User: Detect the emotion from the text. Classify ZCOT_Context 61 60
e o e i 20T Dol Conei | 67|
. . PAS_Detailed_Context 67 48
Assistant: <Emotion> _
RP_Detailed_Context 68 51
Table 3: Prompt template used for Llama 3.1, Qwen 2 Non-Negative Emo.tl.on
Approach Name Precision Recall
Text, Qwen 3 Text models -
Simple 73 90
ZCOT_Simple 73 93
ZCOT_Context 78 79
Prompt for audio-based SLMs ZCOT _Detailed_Context 78 81
You are a helpful assistant. PAS_Detz}lled_Context 75 87
User: Detect the emotion from the audio. RP_Detailed_Context 76 87

Classify as Negative or Non-Negative emotion
Audio: example_audio.wav
Assistant: <Emotion>

Table 4: Prompt template used for Aero, Qwen 2 Audio,
Kimi Audio, Gemini models

Table 5: The performance of Gemini 2.0 Flash as an
annotator when using different approaches to prompt
the LLM.
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5.2 Experimental Results

5.2.1 Performance of Gemini 2.0 Flash as
annotator

The performance of Gemini 2.0 Flash as an an-
notator on ProdEval data is shown in Table 5.
Note that when evaluating an LLM as an anno-
tator, unlike during inference, where recall is of-
ten more important than precision, the goal is
to achieve high performance on both precision
and recall. This is because low precision will
lead to mislabeled training samples. We ob-
serve that RP_Detailed_Context approach gives
the highest accuracy and the ROC-AUC score
is close to ZCOT_Detailed_Context approach.
The recall of RP_Detailed_Context approach on
negative emotion is also slightly lower than
ZCOT_Detailed_Context approach. The precision
is better than ZCOT_Detailed_Context approach
and only lower than ZCOT_Simple approach. How-
ever, the ZCOT_Simple approach has the low-
est recall on negative emotion. The performance
of all the approaches on non-negative emotion
is comparable. ZCOT_Simple, ZCOT_Context,
and ZCOT_Detailed_Context use the zershot COT
prompting, wherein the model first generates the
reasoning based on the prompt, after which it uses
the prompt and reasoning to generate the emo-
tion, effectively being a two-pass approach (Ko-
jima et al., 2022) and in the process also increas-
ing the cost of output generation when used in
scale. In contrast, RP_Detailed_Context uses the
roleplay approach where assigning the role of in-
tent analyst leads to implicit COT and also pro-
vides better reasoning than zero-shot COT (Kong
et al., 2024), thus effectively being a single-pass
approach. Thus, in case of data annotation at scale,
RP_Detailed_Context approach is suitable as its
ability to detect negative emotion is comparable
to that of ZCOT_Detailed_Context while also giv-
ing highest overall accuracy and lowering the cost
of output generation. Furthermore, in ProdEval
the Cohen’s Kappa score between predictions us-
ing RP_Detailed_Context and human annotator is
0.4 indicating fair agreement between Gemini as
an annotator and human annotator. Thus, show-
ing the effectiveness of our prompting method for
large scale annotation. The prediction performance
of the text- and audio-based models are shown in
Table 6 which we will discuss in detail in the fol-
lowing sections.

5.2.2 Performance of text-based models

We observe that among the text-based models
Llama 3.1 has the highest avg. Accuracy and ROC-
AUC, whereas in terms of recall of negative emo-
tion, Qwen 2 Text has the highest avg. recall. Qwen
3 Text has avg. accuracy, avg. ROC-AUC and avg.
recall of negative emotion, which is closer to Llama
3.1. However, interestingly Qwen 3 Text has only
4B parameters compared to Llama 3.1 which has
8B parameters. Since, Qwen 3 models are trained
on a combination of COT generated reasoning data
and curated datasets, so the implicit thinking ability
is ingrained in the model that may contribute to im-
proved performance even when the model has less
parameters. Finally, we observe that BERT is the
worst model in terms of recall of negative emotion.
However, in terms of avg. precision, the perfor-
mance of BERT is comparable to that of other text-
based models. In the case of non-negative emotion,
the avg. precision and recall of all the text-based
models is comparable, which is expected since non-
negative emotion is the majority class and is easier
to detect compared to negative emotion labels.

5.2.3 Performance of audio-based models

We first discuss the results of our finetuned Qwen
2 Audio model and other audio models that we use
as baselines. We observe that our finetuned Qwen
2 Audio model, surpasses the text-based models
by considerable margins in terms of avg. accu-
racy, avg. ROC-AUC and avg. recall on negative
emotion. WavLM Arousal model gives the best
performance in ProdEval but does not perform well
on CueEval as the dataset is based on linguistic
cues, while the model is more inclined towards de-
tecting acoustic cues. Kimi Audio performs better
than Qwen 2 Audio even at zero-shot because Kimi
Audio improves upon the Qwen 2.5 7B architecture
by using Whisper and GLM tokenizer to tokenize
the audio which may play a role in improving the
performance. We also observe that Gemini gives
performance that is comparable to Qwen 2 Audio
in ProdEval, while it gives a higher performance in
CueEval. Thus, showing that when using acoustic
and linguistic cues, Gemini will require more con-
text to give better results, but it will perform well
when the dataset has only linguistic cues.

In MELD, the performance of Qwen 2 Audio
degrades in terms of accuracy, ROC-AUC and pre-
cision. This could be because MELD is based on
TV series and the emotions tend to be exaggerated
and dramatic which may have negatively affected
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ROC-AUC Accuracy
Models ProdEval | CucEval | MELD | ITEMOCAP | A8 ROC-AUC g i val [ Cuekval | MELD | IEMOCAP | A8 Accuracy
Text Models
BERT 61.87 68.44 55.08 60.64 61.51 69.57 68.76 68.48 57.75 66.14
Llama 3.1 62.8 69.7 69.6 66.19 67.07 69.63 68.44 61.47 69.09 67.16
Qwen 2 Text 61.91 64.79 67.9 68.02 65.66 68.69 63.59 58.65 64.15 63.77
Qwen 3 Text 62.03 68.09 69.66 65.02 66.20 69.57 67.47 63.39 67.37 66.95
Audio Models
WavLM-Arousal 70.47 53 58.7 77.51 64.92 75.25 54.36 41.4 72.19 60.80
Kimi Audio 71.29 83.78 73.52 79.52 77.03 76.28 84.95 81.3 76.14 79.67
Gemini 64.84 88.19 71.3 74.79 74.78 72.02 87.86 73.81 73.68 76.84
Qwen 2 Audio 66.42 81.49 65.92 69.95 70.95 72.2 80.09 57.27 72.4 70.49
Aero 67.83 77.68 62.12 69.54 69.29 73.21 76.69 47.51 72.62 67.51
Precision and Recall for Negative Emotion
Precision Avg. Precision Recall Avg. Recall
Models ProdEval | CueEval | MELD | IEMOCAP g ProdEval | CueEval | MELD | IEMOCAP g
Text Models
BERT 63 63 34 73 58.25 35 72 29 44 45
Llama 3.1 61 80 38 70 62.25 39 58 86 82 66.25
Qwen 2 Text 59 57 36 68 55 39 76 86 86 71.75
Qwen 3 Text 62 61 39 70 58 36 74 82 78 67.5
Audio Models
‘WavLM-Arousal 72 49 29 38 47 54 40 93 86 68.25
Kimi Audio 69 92 63 64 72 54 73 58 98 70.75
Gemini 68 83 48 84 70.75 40 91 66 69 66.5
Qwen 2 Audio 65 71 35 73 61 46 95 83 84 71
Aero 67 69 31 72 59.75 49 87 91 87 78.50
Precision and Recall for Non-Negative Emotion
Precision Avg. Precision Recall Avg. Recall
Models ProdEval \ CueEval \ MELD \ IEMOCAP g ProdEval \ CueEval \ MELD \ IEMOCAP i
Text Models
BERT 71 74 78 49 68 88 66 82 77 78.25
Llama 3.1 72 61 92 66 72.75 86 82 54 50 68
Qwen 2 Text 72 73 92 67 76 85 54 50 43 58
Qwen 3 Text 71 75 91 62 74.75 88 62 57 52 64.75
Audio Models
WavLM-Arousal 78 58 91 96 80.75 89 66 24 69 62
Kimi Audio 77 81 87 98 85.75 87 95 89 61 83
Gemini 73 92 87 64 79 90 85 76 81 83
Qwen 2 Audio 75 94 90 71 82.5 86 68 49 56 64.75
Aero 76 87 92 73 82.00 86 68 33 52 59.75

Table 6: The prediction performance of the audio- and text-based baseline models and our finetuned audio-based
SLM and distilled audio-based SLM on different test sets.

the model. In case of IEMOCAP, the accuracy and
ROC-AUC of Qwen 2 Audio is comparable to Gem-
ini, while the recall on negative emotion outper-
forms Gemini. Since, IEMOCAP comprises of con-
versation between multiple speakers and consists
of genuine emotions, it is closer to our ProdEval
and CueEval datasets. Thus, the results on ProdE-
val, CueEval and IEMOCAP datasets show that
SLMs that are fine-tuned for domain-specific tasks
can outperform generalized larger LLMs. Similar,
to text-based models, in the case of non-negative
emotion, the avg. precision and recall of all the
audio-based models is comparable. Overall, we
can conclude that the audio-based models outper-
form the text-based models as they factor in the
linguistic and acoustic cues present in the utterance
to predict the emotion.

5.2.4 Performance of distilled audio-based
model

The Aero model is distilled from our finetuned
Qwen 2 Audio model. The results show that the
distilled Aero model has the highest recall on neg-
ative emotion among all the text- and audio based
models. Since Aero is distilled from our finetuned
Qwen 2 Audio, it follows the similar trends as
Qwen 2 Audio across all the datasets. The avg. ac-
curacy of Aero is slightly lower than that of Qwen
2 Audio. At dataset level, the recall of negative
emotion, is consistently better than Qwen 2 Audio
and also exceeds or remains on par with Kimi Au-
dio and Gemini. Thus, we show that distillation
from teacher model to student model can improve
classification performance even if both models be-
long to different language model families. Overall,
in production, we need a high-recall model for
detecting negative emotion and Aero fulfills that
requirement.
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Models CPU Latency (in seconds)
BERT 0.04
Qwen 2 Text 5.56
WavLM Arousal 0.66
Qwen 2 Audio 7.36
Aero 2.56

Table 7: Inference time CPU latency for text-based
models and audio-based models

5.3 Latency Analysis

As we need our model to have a high-recall as well
as low latency during inference time, so we analyze
the inference time CPU latency of Qwen 2 Audio
and Aero. We compare these models with Qwen 2
Text, which is the best performing text-based model
in terms of recall of negative emotion, BERT and
WavLM-Arousal, which are light-weight models
and have only a few million parameters. The aver-
age latency of the models is shown in Table 7. We
observe that avg. latency of BERT and WavLM-
Arousal is less than 1 second because both models
have low parameters. However, the classification
performance is much lower than the other SLMs
discussed earlier. Qwen 2 Text and Qwen 2 Audio
have avg. latency of 5.56s and 7.36s, respectively,
which make them unsuitable for real-time deploy-
ment. However, Aero has an avg. latency of 2.56
secs while maintaining a classification performance
that is almost on par with Qwen 2 Audio and out-
performs other models in terms of recall of negative
emotion. Thus, it is suitable for real-time deploy-
ment while maintaining quality performance.

6 Conclusions

We developed low-latency, high-recall audio-based
SLM for real-time detection of negative emotions
in customer care, with consistent performance
across internal and public test sets. Using LLMs for
large-scale annotation, we created realistic training
data with quality close to human labels. Audio-
based models outperformed text-only approaches,
effectively capturing emotion from short utterances
without context. Notably, smaller fine-tuned mod-
els matched or exceeded the performance of larger
LLMs. For future work, we aim to further improve
latency and recall, and to monitor system perfor-
mance post-deployment in real-world settings.

Limitations

Despite the comprehensive evaluation, several lim-
itations should be noted. First, while we focus on
internal datasets that closely represent real-world
data, their scope may still be limited in diversity,
which could affect the generalizability of our re-
sults to all production environments. Additionally,
our approach primarily targets detection of nega-
tive emotion and its performance in recognizing
other emotional states remains an area for further
exploration. Furthermore, our work does not cover
the detection and mitigation of data drift that can
occur in production environment due to shift in dis-
tribution of production data compared to training
data. Finally, while we aim for real-time applica-
bility, factors such as computational resources and
model scalability in dynamic environments were
not fully addressed in this study.
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Flash for annotation

You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:

Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion: @ Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.

Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

Return only "Negative Emotion" or "Non-Negative Emo-
tion" based on the audio. Do not add any additional com-
ments.

Figure 2: Prompt used for Simple prompting approach



You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:

Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion:  Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.

Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

Let’s think step by step to understand the emotion of the
utterance of the user. Provide some explanation.

Figure 3: Prompt used for
ZCOT_Context, and

prompting approaches

ZCOT_Simple,
ZCOT_Detailed_Context

You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:

Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion: Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.

Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

The sequence number of the utterances in the conversation
is given in brackets as Utterance sequence no.

The dialog state id indicates the dialog state of the user
utterance is provided for each user utterance in brackets as
Dialog state id.

Let’s first understand the problem and devise a plan to solve
the problem. Then, let’s carry out the plan and solve the
problem step by step.

Pay attention to the context of the conversation (if avail-
able), use the text of the context, utterance sequence num-
bers and dialog state ids to understand the current utterance.
Use this to refine your plan. Pay attention to commonsense
and logical reasoning.

Figure 4: Prompt used for PAS_Detailed_Context
prompting approach
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B Impact of Context Window Size on
Annotation Performance

Context Window Size | ROC-AUC | Accuracy
1 64.31 69.38
2 61.77 70.51
3 64.48 70.82
4 64.32 70.01
5 63.64 69.69

Negative Emotion

Context Window Size | Precision Recall
1 59 47
2 68 32
3 63 43
4 61 45
5 60 43

Non-Negative Emotion

Context Window Size | Precision Recall
1 74 82
2 71 92
3 73 86
4 73 84
5 73 85

Table 8: Classification performance of Simple prompt-

ing approach for different context window sizes. The
context window size indicates the number of previous
agent-customer interactions that are provided as context.
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