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Abstract

We present Call Support Copilot, a repro-
ducible multimodal system that integrates au-
tomatic speech recognition, speech emotion
recognition, machine translation, spoken lan-
guage understanding, and client knowledge re-
trieval in a single dashboard for customer sup-
port agents. Built from publicly accessible pre-
trained models and standard benchmarks, the
system transcribes speech with Whisper-family
ASR (Radford et al., 2023; Klein, 2023), de-
tects caller affect in valence-arousal-dominance
terms (Mehrabian, 1996; Russell, 1980), clas-
sifies intents from a banking-domain inven-
tory of 77 categories (Casanueva et al., 2020),
and retrieves client records from a database.
Evaluation shows strong component perfor-
mance: 6.6% word error rate on LibriSpeech
(Panayotov et al., 2015), 91.7% macro-F1
on SUPERB ER sessionl (IEMOCAP subset,
n=6) (Yang et al., 2021; Busso et al., 2008),
42.98 BLEU (Papineni et al., 2002; Post, 2018)
for German—English translation, and 87.0%
accuracy on BANKING77 intent classifica-
tion. End-to-end benchmarking of the core
pipeline achieves faster-than-real-time through-
put with mean real-time factor 0.67-0.71. All
model identifiers, configurations, and evalua-
tion scripts are documented in the accompa-
nying repository, supporting reproducibility in
line with the SwissText 2026 theme.

1 Introduction

Customer service call centers remain essential in-
frastructure for financial institutions, healthcare
providers, and commercial enterprises (Gao et al.,
2019). The quality of these interactions depends
critically on human agents’ ability to understand
callers quickly, respond to their emotional states
appropriately, and access relevant account informa-
tion without disrupting the conversation flow. Tra-
ditional call center technology provides basic tele-
phony functions but offers little support for these
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cognitive demands (Ram et al., 2018; Hosseini-Asl
et al., 2020).

Recent advances in speech and language process-
ing have created opportunities to address these lim-
itations. Models such as Whisper (Radford et al.,
2023) and efficient implementations such as faster-
whisper (Klein, 2023) achieve robust speech recog-
nition across diverse acoustic conditions, building
on foundational work in self-supervised speech rep-
resentation learning (Baevski et al., 2020; Hsu et al.,
2021). Speech emotion recognition systems trained
on corpora like IEMOCAP (Busso et al., 2008)
and MELD (Poria et al., 2019) can detect affec-
tive states following the dimensional affect frame-
work (Russell, 1980; Mehrabian, 1996). Neural
machine translation enables cross-lingual commu-
nication (Fan et al., 2021; Junczys-Dowmunt et al.,
2018), while intent classification models trained
on domain-specific datasets such as BANKING77
(Casanueva et al., 2020) can identify caller needs
from transcribed speech, extending work in spoken
language understanding (Young et al., 2013).

However, most published systems focus on indi-
vidual components rather than integrated pipelines,
and reproducibility remains a significant challenge
in NLP research (Belz et al., 2021; Dodge et al.,
2019).

This paper presents Call Support Copilot, a sys-
tem that combines these technologies in an inte-
grated dashboard for customer support agents. Our
contributions are twofold. First, we present a repro-
ducible implementation assembled from publicly
accessible model checkpoints and resources, with
model identifiers, configurations, and evaluation
scripts documented in an accompanying repository.
Second, we provide quantitative evaluation across
all major system components using established
benchmarks, showing that strong performance is
achievable with an accessible, modular architecture
without training ASR, MT, or SER models from
scratch. In line with the SwissText 2026 theme of



Reproducible NLP, we focus on a pipeline that can
be replicated end-to-end using publicly accessible
resources.

2 Related Work

Call-center assistance systems are closely related
to task-oriented dialogue and conversational Al,
where systems combine speech or text understand-
ing with dialogue-state tracking, retrieval, and re-
sponse or action selection (Young et al., 2013; Gao
et al., 2019; Ram et al., 2018). Datasets such as
MultiWOZ (Budzianowski et al., 2018) and BANK-
ING77 (Casanueva et al., 2020) support evaluation
of dialogue and intent-understanding modules, but
they do not by themselves evaluate the full opera-
tional chain from audio input to agent-facing rec-
ommendations.

Our system follows a modular integration strat-
egy rather than proposing a new model architecture.
This places it between component-level bench-
mark work on ASR (Radford et al., 2023; Panay-
otov et al., 2015), MT (Junczys-Dowmunt et al.,
2018; Post, 2018), SER (Schuller, 2018; Latif et al.,
2021), and intent classification (Casanueva et al.,
2020), and applied systems that combine these com-
ponents in a practical workflow. The comparison to
Casanueva et al. (Casanueva et al., 2020) anchors
the SLU result against a published BANKING77
baseline, while the other reported metrics are in-
tended as reproducible component checks rather
than claims of state-of-the-art performance.

Speech emotion recognition has particular re-
producibility and validity concerns. IEMOCAP
is widely used, but recent analyses highlight is-
sues around modality dependence, recording qual-
ity, ambiguous labels, and misclassifications that
may be unsurprising even to human annotators
(Probol and Mieskes, 2023). We therefore treat the
IEMOCAP-derived SER result as a limited bench-
mark sanity check, not as evidence that the sys-
tem generalizes to spontaneous customer-support
speech.

3 System Architecture

Call Support Copilot processes audio input through
five interconnected modules (Figure 1).

Speech Recognition. Audio recordings are pro-
cessed through Whisper (Radford et al., 2023) us-
ing faster-whisper (Klein, 2023) with CTrans-
late2 and int8 quantization, building on advances
in self-supervised speech representations (Baevski

et al., 2020; Hsu et al., 2021; Graves et al., 2006).
Voice activity detection (Silero Team, 2021) filters
silence. The system supports WAV, MP3, M4A,
FLAC, and OGG formats with FFmpeg conversion.

Machine Translation. When the detected lan-
guage differs from English, transcripts pass through
Helsinki-NLP MarianMT (Junczys-Dowmunt et al.,
2018) transformer models (Vaswani et al., 2017)
with SentencePiece tokenization (Kudo and
Richardson, 2018) trained on OPUS parallel data
(Tiedemann, 2012). Six source languages are sup-
ported: German, Dutch, French, Spanish, Italian,
and Portuguese.

Speech Emotion Recognition. Audio is ana-
lyzed using MERaLiON-SER-vl (MERaLiON
Team, 2025), outputting categorical emotions fol-
lowing Ekman (Ekman, 1992) and PAD dimen-
sions (Mehrabian, 1996; Russell, 1980). Seven
categories are classified: neutral, happy, sad, angry,
fearful, disgusted, and surprised. A sliding window
approach (4 s windows, 2 s overlap) handles vary-
ing durations (Schuller, 2018), producing emotion
timelines with deep learning representations (Latif
et al., 2021).

Spoken Language Understanding. Intent clas-
sification uses DistilBERT (Sanh et al., 2019), a
knowledge-distilled variant of BERT (Devlin et al.,
2019), fine-tuned on BANKING77 (Casanueva
et al., 2020) with 77 intent categories. Low-
confidence predictions are flagged as out-of-
domain (Larson et al., 2019). Slot extraction uses
regex patterns for amounts, dates, reference IDs,
and merchant names, tracking missing required
slots (Henderson et al., 2014).

Action Generation. Caller phone numbers are
used to query a client database. The system then
combines intent predictions, emotion states, ex-
tracted slots, and client records to generate sug-
gested actions (Gao et al., 2019), including intent-
specific recommendations, slot-based follow-ups,
and emotion-triggered de-escalation guidance, fol-
lowing task-oriented dialogue practice (Young
et al., 2013; Budzianowski et al., 2018).

4 Evaluation Setup

We evaluate the integrated system with fixed model
identifiers and released repository scripts, matching
the configurations used to generate the bundled re-
sult artifacts. For ASR and MT, we report mean per-
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Figure 1: Call Support Copilot system architecture. Uploaded audio flows through ASR (Whisper) which feeds three
parallel branches: Speech Emotion Recognition (SER) for affective state detection, Machine Translation (MT) for
multilingual support, and Spoken Language Understanding (SLU) for intent classification and slot extraction. These
signals are fused with client records retrieved from the knowledge base to generate context-aware recommendations

displayed on the agent dashboard.

formance over 50 randomly sampled items with a
fixed seed from LibriSpeech test-clean (Panayotov
et al., 2015) and WMT16 German-English test
data. For SER, we use the SUPERB ER sessionl
split (Yang et al., 2021), which exposes a small
IEMOCAP-derived four-class benchmark (Busso
et al., 2008) in our workflow. For latency, we run
the full pipeline on LibriSpeech and SUPERB ER
utterances and record wall-clock times for ASR,
SER, MT, and database lookup.

The reported component scores are measured at
component boundaries. ASR WER is computed
from audio against reference transcripts, MT BLEU
is computed on WMT text pairs, SER macro-F1
is computed on the SUPERB ER audio examples,
and SLU accuracy is computed on BANKING77
text rather than on ASR-generated transcripts. The
end-to-end experiment measures runtime through
the actual pipeline, but it does not estimate down-
stream accuracy after ASR error propagation. This
distinction is important: the deployed dashboard
does pass ASR output to downstream modules,
but the present paper reports technical component
benchmarks and pipeline latency rather than a full
cascaded-error evaluation.

Metrics are chosen to reflect standard practice
for each module. ASR uses word error rate (WER),
MT uses corpus BLEU (Papineni et al., 2002; Post,
2018), SER uses macro-F1 over the four mapped
emotion labels, and SLU uses accuracy and macro-
F1 together with per-intent precision, recall, and F1.

End-to-end efficiency is summarized with real-time
factor (RTF), where values below 1 indicate faster-
than-real-time processing. Table 1 summarizes the
core results.

5 Results and Discussion

Speech Recognition. On LibriSpeech test-clean
(Panayotov et al., 2015), our system achieves 6.6 %
WER (95% CI [4.4%, 9.2%]) on 50 samples. Er-
rors arise mainly from proper nouns and archaic
vocabulary. This is competitive with reported Whis-
per performance on clean speech (Radford et al.,
2023).

Machine Translation. German-to-English
achieves 42.98 BLEU (Papineni et al., 2002; Post,
2018) on 50 sentence pairs with 0.86 s mean infer-
ence time, in line with Helsinki-NLP MarianMT
benchmarks on WMT data (Junczys-Dowmunt
et al., 2018; Tiedemann, 2012).

Speech Emotion Recognition. On SUPERB ER
sessionl (IEMOCAP subset, four-class labels, n=6)
(Yang et al., 2021; Busso et al., 2008), full-audio
processing achieves 91.7% macro-F1. Table 2

shows dimensional predictions consistent with the
PAD model (Mehrabian, 1996; Russell, 1980).

Intent  Classification. On  BANKING77
(Casanueva et al., 2020), DistilBERT (Sanh
et al., 2019) achieves 87.0% accuracy and 0.863
macro-F1. Table 3 shows per-category results for



Component Dataset Metric Value
ASR LibriSpeech WER 6.61%
MT WMT DE-EN  BLEU 42.98
SER SUPERB ER Macro-F1  0.917
SLU BANKING77 Accuracy  87.0%
System Libri+SUPERB  RTF 0.67-0.71

Table 1: Summary of evaluation results across all system
components on standard benchmarks, plus end-to-end
real-time factor (RTF) for the core pipeline.

Emotion \Y% A D

Happy 0.85 0.70 0.68
Neutral 047 048 0.52
Sad 0.24 0.08 0.18
Angry 028 0.84 0.75

Table 2: Mean valence (V), arousal (A), and dominance
(D) predictions for each emotion category on IEMO-
CAP.

key banking intents. For comparison, Casanueva
et al. report 85.19% with USE+ConveRT on this
benchmark (Casanueva et al., 2020).

End-to-End Latency. We benchmark the core
pipeline (ASR + SER + optional MT + DB lookup).
Real-time factor (RTF) values below 1 indicate
faster-than-real-time throughput. On LibriSpeech
test-clean (n=10), mean RTF is 0.71; on SUPERB
ER (n=6), mean RTF is 0.67. SER dominates la-
tency due to sliding-window analysis.

The results show that the architecture is strongest
where mature pretrained models can be integrated
with limited task-specific adaptation. ASR and MT
remain within expected benchmark ranges despite
the lightweight engineering stack, and the SLU
component improves on the 85.19% BANKING77
USE+ConveRT baseline reported by Casanueva et
al. (Casanueva et al., 2020). This supports the core
claim of the paper: a practical customer-support
copilot can be assembled from publicly accessible
building blocks without retraining the full stack.

The evaluation also clarifies the current bottle-
necks. SER contributes the largest share of end-
to-end latency because sliding-window inference
scales with utterance duration, and the reported
SER score is derived from a very small SUPERB
ER sample in the released results. The runtime
numbers are therefore encouraging for uploaded-
call processing, but they do not yet establish readi-
ness for live streaming deployments. Likewise, in-
tent prediction is strong on BANKING77, yet real
customer calls remain harder because ASR errors,

Intent Category P R F1

transaction_charged_twice .889 1.00 .941
lost_or_stolen_card 804 925 .860
refund_not_showing_up 947 900 .923
card_arrival 756 .850 .800
activate_my_card 1.00 925 961
verify_my_identity 745 875 805
Macro avg (77 cls) 875 870 .863

Table 3: Intent classification results for selected banking
intents on the BANKING77 test set (Casanueva et al.,
2020).

spontaneous speech, and slot omissions compound
downstream uncertainty.

An important observation is that the component
scores should not be interpreted independently of
pipeline coupling. In the deployed interface, trans-
lation quality depends directly on ASR transcrip-
tion fidelity, and intent classification inherits both
lexical errors and disfluencies from the upstream
recognizer. This means that the strongest stan-
dalone module is not automatically the most useful
one operationally: modest ASR degradation on
accented or noisy calls can propagate into wrong
intent predictions or misleading summaries even
when the classifier remains strong on clean BANK-
ING77 text. For customer-support settings, cross-
component robustness is therefore at least as im-
portant as any single benchmark number.

6 Reproducibility

In the spirit of reproducible NLP (Belz et al., 2021;
Dodge et al., 2019), all core models and resources
used in the system are publicly accessible:

* ASR: Systran/faster-whisper-base via
faster-whisper (Klein, 2023) with int8
quantization

e MT: Helsinki-NLP MarianMT
opus-mt-{de,nl,fr,es,it,pt}-en

e SER: MERaLiON-SER-v1 (MERaLiON Team,
2025)

e SLU: distilbert-base-uncased
tuned on BANKING77

* VAD: Silero VAD (Silero Team, 2021)

fine-

The system is implemented in Python using
Streamlit, PyTorch, and HuggingFace Trans-
formers. Audio preprocessing converts input
to 16kHz mono using soundfile and FFm-
peg. The client database uses SQLite. All



evaluation scripts, result files, and model con-
figurations are included in the accompanying
repository released with the paper: https:
//github.com/rakhmatillokhon-khoshimov/
call-support-copilot.

To make the submission auditable rather than
merely runnable, the repository records model iden-
tifiers, quantization choices, dataset slices, and
summary CSV/JSON outputs for each experiment.
This is especially relevant for a modular system,
where implementation choices such as VAD prepro-
cessing, CPU quantization, or label remapping can
materially affect downstream scores. By exposing
these settings together with the measured outputs,
the paper makes it possible to verify not only that
the code executes, but also that the reported bench-
mark numbers correspond to a specific, inspectable
evaluation protocol.

7 Conclusion

We presented Call Support Copilot, a reproducible
multimodal system integrating speech recogni-
tion (Radford et al., 2023; Klein, 2023), emotion
detection (MERaLiON Team, 2025), translation
(Junczys-Dowmunt et al., 2018), and intent under-
standing (Casanueva et al., 2020) to assist customer
support agents. Evaluation on established bench-
marks shows strong component performance with
practical latency, achieved without training ASR,
MT, or SER models from scratch. The modular im-
plementation supports both practical deployment
and research extension, and aligns with the goal
of making NLP systems reproducible (Belz et al.,
2021).

Limitations

Our evaluation samples are small due to computa-
tional constraints (50 samples for ASR and MT, and
10/6 samples for latency on LibriSpeech/SUPERB
ER). The SER model, trained on acted IEMO-
CAP speech (Busso et al., 2008), may not general-
ize to spontaneous customer-service conversations
(Schuller, 2018; Poria et al., 2019). IEMOCAP-
derived evaluation should also be interpreted cau-
tiously because prior work reports issues around
recording quality, task ambiguity, and the rela-
tive strength of text-only emotion models (Probol
and Mieskes, 2023). Slot extraction patterns are
English-specific and rely on hand-crafted regex
rules rather than learned extractors. The supported
MT setup is limited to six Western and Central Eu-

ropean source languages (German, Dutch, French,
Spanish, Italian, and Portuguese), excluding many
low-resource, non-European, and Swiss-relevant
language varieties. The current system processes
uploaded recordings rather than streaming live au-
dio, which limits real-time deployment scenarios.
ASR may exhibit demographic disparities for ac-
cented speech (Ardila et al., 2020), and emotion
recognition may reflect cultural biases in the train-
ing data (Ekman, 1992). Future work includes
streaming ASR with incremental emotion updates,
speaker diarization, CRM integration, broader lan-
guage coverage, and large language models (Brown
et al., 2020) for more flexible action generation.

The present study evaluates technical compo-
nents rather than end-user outcomes. We do not
measure whether agents resolve issues faster, make
fewer mistakes, or perceive the dashboard as trust-
worthy under realistic workload. Likewise, the
database layer is demonstrated on a controlled
SQLite setup rather than in a production CRM en-
vironment with authentication, logging, and policy
constraints. These omissions matter because de-
ployment quality depends not only on benchmark
performance, but also on usability, integration over-
head, and organizational acceptance. A stronger
follow-up study should therefore pair component
benchmarks with human-centered evaluation in a
realistic support workflow.
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A Supported Translation Languages

Source Lang. Model Avg. Time (s)
German (DE) opus-mt-de-en 0.86
Dutch (NL) opus-mt-nl-en 0.82
French (FR) opus-mt-fr-en 0.79
Spanish (ES) opus-mt-es-en 0.81
Italian (IT) opus-mt-it-en 0.84
Portuguese (PT)  opus-mt-pt-en 0.83

Table 4: Supported translation language pairs with
Helsinki-NLP MarianMT models (Junczys-Dowmunt
et al., 2018) and average inference times on CPU.

B Slot Extraction Details

Following standard approaches in spoken language
understanding (Henderson et al., 2014), regex pat-
terns extract: amounts with currency symbols
(CHF, USD, EUR); dates in ISO, European, and
natural formats; reference IDs; card last-four digits;
and merchant names.

C Emotion Categories

Following Ekman (Ekman, 1992) and PAD (Mehra-
bian, 1996; Russell, 1980): Neutral (moderate va-
lence, low arousal), Happy (high valence, moder-
ate arousal), Sad (low valence, low arousal), An-
gry (low valence, high arousal, high dominance),
Fearful (low valence, low dominance), Disgusted
(low valence), Surprised (variable valence, high
arousal).

D Action Generation Rules

Intent-specific rules following task-oriented di-
alogue best practices (Young et al., 2013;
Budzianowski et al., 2018): Chargeback triggers
transaction confirmation and dispute workflow.
Lost card triggers freeze, replacement, and fraud re-
view. Angry emotion prepends de-escalation guid-
ance. Missing slots generate follow-up prompts
(Henderson et al., 2014).
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