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Abstract. The relevance of the study lies in the need to increase the performance and scalability of automatic speech
recognition systems on devices with limited resources, which determines the goal of the work - to optimise Whisper
by integrating CTranslate2 to accelerate calculations and FFmpeg for unified preparation of audio data. Experimental
studies were conducted using the Whisper Turbo model on a graphics processor unit with support for the Compute Unified
Device Architecture (CUDA) platform. The basic pipeline in the Python programming language, the optimised inference
execution mechanism via CTranslate2 and the configuration with hybrid quantisation in the int8 float16 format were
compared. The efficiency was evaluated using the indicators of prediction (inference) execution time, video memory use,
and automatic speech recognition accuracy (Word Error Rate). Experimental results showed that the basic Whisper Turbo
configuration provided the highest recognition accuracy (Word Error Rate =0), but was characterised by high inference
latency (8.5 s per audio file) and significant video memory consumption (4.9 GB). CTranslate2 integration reduced the
processing time to 4.9 s (1.7 x speedup) and reduced Video Random Access Memory usage to 1.8 GB (-63%) without loss
of quality. Further application of hybrid quantisation int8_float16 provided a reduction of inference time to 3.8 s and
a reduction of memory consumption to 1 GB, which corresponds to an overall speedup of about 2.2x and an almost
fivefold (4.9x) reduction in Video Random Access Memory requirements compared to the standard implementation,
with unchanged Word Error Rate=0. The obtained results confirmed the effectiveness of the combination of CTranslate2
and hybrid quantisation for building high-performance real-time Automatic Speech Recognition systems without
compromising accuracy. The conclusions confirmed the practical suitability of the proposed configuration for multi-
user services and edge scenarios without compromising speed and accuracy. The results of the study can be used by
developers of automatic speech recognition systems to optimise models on memory-limited GPUs, and by companies
providing streaming audio and multi-user services
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Introduction

The rapid growth of audio data volumes and the spread of  the main computational load falling on transformer archi-
real-time applications have led to increased performance tectures with attention mechanisms. Whisper-class models
requirements for automatic speech recognition systems. demonstrate high accuracy, but are characterised by signif-
A typical speech-to-text pipeline includes signal preproc- icant latency and resource consumption, which limits the
essing, neural network inference, and text decoding, with  scalability. Specialised tools are used to improve efficiency,
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in particular FFMpeg for fast processing of audio streams
and CTranslate2 for optimised transformer inference. At the
same time, the problems of quadratic complexity of self- and
cross-attention and additional costs caused by beam search
remain relevant. In this context, optimisation methods, in
particular operator fusion and quantisation, play a critical
role, which allow reducing latency and memory consump-
tion with minimal impact on recognition quality.

In the modern scientific discourse, research on auto-
matic speech recognition is shifting towards combining
deep neural architectures with practical aspects of perfor-
mance and deployment on limited computing platforms.
Thus, in the work of O. Nakhod (2025), an approach to au-
tomatic Ukrainian speech recognition based on deep learn-
ing methods is presented, where the main emphasis is on
adapting modern neural network models to the specifics
of the national language corpus. The author demonstrated
that the use of transformer architectures allows achieving
high accuracy rates even with a limited amount of train-
ing data, while emphasising the increased computational
requirements of such models, which actualises the prob-
lem of the further optimisation for practical application. A
more generalised overview of modern approaches is given
in the study by Ye. Mrozek (2024), which systematises clas-
sical and neural network methods for solving speech rec-
ognition problems, including hidden Markov models, deep
recurrent networks and transformers. The author showed
that the transition to end-to-end architectures simplified
the construction of Automatic Speech Recognition (ASR)
systems, but at the same time led to a sharp increase in the
complexity of inference and memory consumption.

The practical aspect of the performance of the Whis-
per series models is considered in detail in the work of
Y. Cao (2025), where an empirical assessment of the perfor-
mance of various Whisper configurations on the Raspberry
Pi platform was carried out. The author demonstrated that,
despite the high quality of transcription, the basic imple-
mentations of the models are too resource-intensive for
edge devices, and achieving acceptable time characteristics
is possible only by optimising inference and reducing the
bit depth of calculations. The results obtained confirmed
the critical role of such approaches as quantisation and
hardware-oriented acceleration libraries for the practical
deployment of ASR systems in environments with limited
memory and computing power.

In the publication of M. Maurya et al. (2025), the au-
thors conducted a comprehensive analysis of architectural
approaches to building speech recognition systems, in-
cluding the use of hybrid models based on neural networks,
transformers, and statistical methods. The researchers ex-
amined in detail the challenges associated with noise ro-
bustness, speaker variability, and processing latency, and
also emphasised the critical role of optimising computa-
tional resources for implementing ASR in mobile and edge
scenarios. The results confirmed that the effectiveness of
the system is determined not only by decoding accuracy,
but also by the balance between performance, scalability,
and hardware limitations.
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Another direction of Whisper development is present-
ed in the work of I. Thorbecke et al. (2024), which considers
the use of knowledge distillation to build fast streaming
ASR models based on Whisper as a teacher model. The au-
thors proposed the fast streaming transducer, which in-
herited the acoustic and linguistic properties of Whisper,
but has lower computational complexity. Empirical results
showed that distilled models provide lower latency and
better real-time performance while maintaining an ac-
ceptable Word Error Rate (WER). An example of an applied
use of speech recognition systems is given in the work by
X. Wu et al. (2023), which describes a system for assessing
the quality of English pronunciation based on continu-
ous speech recognition in a multi-terminal environment.
The authors’ results demonstrated typical challenges for
distributed ASR systems: the need for fast processing of
streams from different clients, limited end-device resourc-
es, and requirements for stability of operation.

N.T. Hung et al. (2025) presented Effwhis, an opti-
mised approach to streaming speech recognition based
on Whisper. The authors demonstrated that modifications
to buffering and resource management can reduce infer-
ence latency while maintaining recognition accuracy at the
standard model level. This work highlighted the practical
feasibility of optimising Whisper for streaming applica-
tions where low latency and efficient memory usage are
important. At the same time, F. Chettiar et al. (2025) in-
vestigated deep neural architectures for multilingual video
translation with the integration of speech recognition and
synthesis. The authors demonstrated that combining ASR
and TTS within a single model reduces errors in transfer
between languages and increases semantic consistency of
results. Special attention was paid to optimising processing
latency and ensuring consistent quality when working with
different language pairs. This has demonstrated a trend
towards building complex multimodal systems, in which
speech recognition modules function as components of
broader adaptive platforms.

In the work of A. Trabelsi et al. (2024), an assessment
of the impact of noise reduction filters on the quality of
open ASR models, including Whisper, was proposed. The
study showed that pre-processing of audio to reduce noise
does not always correlate with an increase in transcription
accuracy; in some cases, excessive aggressiveness of noise
reduction algorithms can reduce WER. In turn, J. El Bahri et
al. (2025) compared the performance of Whisper (Base and
Large) with the Google Speech-to-Text V2 service in terms
of energy efficiency and computational costs. The study
confirmed that optimised Whisper models using quantisa-
tion and accelerated libraries demonstrate a better balance
between resource consumption and accuracy, especially on
devices with limited computing capabilities.

Despite numerous optimisations of Whisper for stream-
ing recognition and model quantisation, previous studies
were mostly limited to the analysis of individual hardware
and software improvements and did not conduct a compre-
hensive comparison of the effect of operator fusion, quan-
tisation, and audio stream preparation on speed, Video
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Random Access Memory (VRAM) consumption, and tran-
scription accuracy simultaneously. The aim of the work was
to improve the Whisper speech recognition system using
the CTranslate2 and FFmpeg tools. To achieve this goal, the
following tasks were formulated: to develop and experimen-
tally verify the basic configuration of the speech recognition
system based on Whisper Turbo; to create an optimised ver-
sion of Whisper using CTranslate2 without quantisation,
and then compare its performance with the basic version; to
implement the Whisper version using CTranslate2 together
with quantisation changes (int8 float16 format).

Materials and Methods

The study was experimental and applied in nature and was
conducted in late 2025 in a controlled laboratory environ-
ment using a fixed hardware and software configuration.
To ensure the reproducibility and comparability of the
experimental configurations, three key software compo-
nents were used: Whisper for audio-to-text transforma-
tion, CTranslate2 for optimising the inference process of
the transformer model, and FFmpeg for audio data prepa-
ration. Below is a generalised description of each tool and
its role in the study (Table 1).

Table 1. Characteristics and advantages of the tools used

(Speech-to-Text, STT)

Tool Main function Features Reason for selection in the study
- . Transformer encoder-decoder High recognition accuracy, support for
Whisper (Turbo) Automatic speech recognition architecture, autoregressive long audio sequences, reliability in tasks of

decoder, large-v3 Turbo

generating text from audio

Optimisation of transformer

CTranslate2 model inference

Tensor operator fusion,
management of internal memory
buffers, SIMD and GPU support,

weight quantisation

Accelerates inference, reduces video
memory consumption, allows the use
of hybrid weight formats without loss of
accuracy

Preparation and processing of

FFmpeg audio files

Decoding, normalisation,
resampling, format conversion,
multithreading, hardware
acceleration

Provides a unified audio format and
parameters, stabilises input data for
objective comparison of different Whisper
configurations

Source: compiled by the authors

The table shows that the efficiency of the speech recog-
nition system is achieved through the interaction of three
components: Whisper provides accurate audio-to-text
conversion, FFmpeg stabilises the input data and reduc-
es signal variability, and CTranslate2 optimises the com-
putational pipeline and allows the use of quantisation to
accelerate inference and reduce hardware costs; the com-
bined use of these tools creates a scalable, productive and
resource-efficient platform for processing audio streams

Input audio file

in various scenarios, including edge computing and mul-
ti-user services. Audio data preparation in all experimental
configurations was carried out using FFmpeg for decoding,
normalisation and bringing the signal to unified parame-
ters. The main differences between the configurations were
the use of different inference backends: standard Whisper
Python-pipeline or optimised CTranslate2 with hybrid
quantisation. Figure 1 illustrates the step-by-step process
of processing an audio stream in an ASR system.

—>

Decoding, normalisation, resampling

Conversion of the signal into a mel spectrogram,

autoregressive text generation

Whisper Turbo (Encoder-Decoder) >

CTranslate? [

Optimised inference, fusion of tensor operators, GPU memory management

Quantisation int8_float

Figure 1. Schematic of the audio stream processing using Whisper, CTranslate2
and FFmpeg, taking into account quantisation

Source: compiled by the authors

The audio data was prepared using FFmpeg through de-
coding, normalisation and resampling to a unified set of pa-
rameters; the processing was carried out by the Whisper Tur-
bo model with an encoder-decoder transformer architecture,
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CTranslate2 was used to optimise the inference, and the
hybrid quantisation int8_float16 reduced the bit depth of
the model weights, accelerating the calculations without
losing accuracy. For experimental evaluation, one control
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audio file with a duration of 2 min 41 s with high recording
quality and minimal background noise was used. The total
number of words in the speech signal was 165, which pro-
vided a sufficient sequence length to activate both the en-
coder and decoder mechanisms of the transformer. All au-
dio data was converted to a single format and sampling rate
using FFmpeg, after which it was fed directly into the ASR
pipeline. Formally, the inference process was described by
representing the signal in the form of a feature matrix (1):

XeRT 4, (1)

and subsequent self-attention operations with pro-
jections Q (queries), K (keys), V (values) and the scaled
dot-product attention mechanism, which allowed analyt-
ically relating the time complexity to the parameter T and
the dimensionality of the representations, where T corre-
sponds to the number of time steps (frames) obtained in
the process of spectral analysis; d is the dimensionality
of the feature vector at each time step. It is the parameter
T that determines the scale of calculations in subsequent
self-attention layers and affects the overall computation-
al complexity. This approach allowed minimising the var-
iability associated with different parameters of the input
signal and focusing exclusively on the impact of compu-
tational optimisations.

The experimental study was structured as a step-by-
step comparison of three configurations of the automat-
ic speech recognition system: a basic implementation of
Whisper Turbo in a standard Python environment with
hardware acceleration via Compute Unified Device Archi-
tecture (CUDA), a modified version of Whisper Turbo with
integration of the CTranslate2 library, and an extended
configuration of Whisper Turbo with CTranslate2 and ad-
ditional quantisation of model parameters. This sequence
allowed evaluating the contribution of each level of opti-
misation, starting from eliminating the overhead of the
high-level pipeline and ending with reducing the bit depth
of calculations. For each configuration, key performance
indicators were recorded, namely the total inference time
of one audio file, peak GPU video memory consumption,
and the value of the WER recognition quality indicator. The
processing duration was defined as the difference between
the start and end timestamps of the transcription function
call, which covers the full audio signal processing cycle, in-
cluding file decoding, acoustic feature generation, passing
through the encoder and decoder of the transformer archi-
tecture, and generating the final text transcription. This
measurement approach provided an integral assessment of
the real system latency in a practical usage scenario.

Below is a code fragment that illustrates the basic
configuration of using Whisper Turbo in a standard Py-
thon-pipeline with hardware acceleration via CUDA and
measuring the inference time:

import time

import whisper
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#using “turbo” model on graphic card
model = whisper.load model (“turbo”, ‘cuda:0’)
start = time.time ()

result = model.transcribe (“audio.mp3”)
#result text

print (result[“text”])

end = time.time ()

#displaying processing time

print (end - start)

The audio stream processing pipeline included a full
inference cycle: loading a pre-trained model, decoding
the audio file, building internal features, passing through
the encoder and decoder of the transformer architecture,
and generating a text transcription. To measure perfor-
mance, the inference time was used, recorded between
the start and end of the model.transcribe() function call.
All experiments were performed on a local computing
platform with an Intel Core i7 EVO 13700H processor,
16 GB of RAM, and an NVIDIA GeForce RTX 4050 Studio
graphics adapter with 6 GB of video memory. This con-
figuration represents a typical modern workstation or a
high-performance laptop. It allowed extrapolating the
results to practical scenarios for deploying ASR systems
outside of data centres.

Results

Basic performance indicators

of the standard Whisper implementation

The experimental results demonstrated the performance
of the standard implementation of the Whisper model in
the Turbo configuration without additional optimisations.
The model was used in a standard Python pipeline with
GPU acceleration via CUDA, which is typical for practical
speech recognition systems. Experimental results showed
that processing one audio file in the basic Whisper Turbo
configuration took 8.5 s, which is a relatively high figure
for scenarios focused on processing streaming or quasi-re-
al-time audio data. At the same time, the recognition qual-
ity remained at its maximum: the Word Error Rate value
was equal to 0, which indicates correct reproduction of the
speech signal without errors. These results confirm the ef-
fectiveness of the base Whisper Turbo configuration for use
in real-world speech recognition scenarios (Fig. 2).

After calling the model.transcribe (“audio.mp3”)
method, a full cycle of processing the audio file was per-
formed, which included signal decoding, pre-processing,
formation of internal acoustic features and generation
of text transcription. Recording timestamps at the be-
ginning and end of the inference execution allowed de-
termining the total duration of audio stream processing,
which is used as a baseline for further comparison with
optimised system configurations. At the same time, an
analysis of hardware resource usage showed that the peak
video memory consumption reached 4.9 GB VRAM, which
is a significant indicator even for the optimised Turbo
model (Fig. 3).
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(.venv) PS C:\Users\vladr\Documents\GITProjects\Whisper\defaultWhisper\pythonProje
ct> python main.py

MeHi TpuHapusTWi MuHano, fl nac ArHATa 3a cenoM. Yn TO Tak CoHeyko cisno, Yu Tak M
eHi yorocb 6yno, MeHi Tak nw6o-nwbo ctano, He Haye B bora. Yxe moknukanu po naw, A
A co6i y 6yp'sHi Monwca Bory, i He 3Haw, Yoro ManeHbKoMmy MeHi Topi Tak NpusisHo Mo
nunocb, Yoro Tak Beceno 6yno. lFocnogHe He6o i ceno, ArHA, 3paeTbcsA, Becenunocb, I
COHUe rpino, He nekno, Ta HemoBro coHue rpino, HepoBro Monunocb, 3anekno, 3ayepBOH
ino, I paii 3anmanuno. MoB npokuHyBcsi, AuBnwcsa, Ceno moyopHino, bBoxe, He6o rony6ee,
I Te nmoMepHino. MornsHyB s Ha ArHaTa, He Mol srHaTa, 06epHyBca a4 Ha xaTu, Hema B M
eHe xaTu. He paB MeHi bor Hiyoro, I xnuHynu cnbosu, Taxki cnbo3u. A AiBumHa npu ca
Min poposi, Hepaneko kono MeHe, MnockiHb BuGupana. Ta i moyyna, wo a4 nnayy. MpuiAwn
a, npuBitana, YTupana moi cnbo3u, I nouinysana. He Haye coHue 3acisno, He Hauye Bce
Ha cBiTi cTtano moe, JlaHn, rai, capgu, I mn, xapTywuu, norHanu, Yyxi ArHsiTa po Bogn
. bpupgHa! A i poci, sk 3rapaw, To cepue nnaye Ta 60nuTb. YoMy locnofb He [JaB JOKWT
b Manoro Biky y Tim paw? YMep 6u, opwyn Ha HuBi, Hiyoro 6 y cBiTi He 3HaB, He 6yB
6u B cBiTi topopmBum, Jlopedt i Bora He NPOKNSB.

8.509320497512817

Figure 2. The result of processing the standard Whisper configuration with the Turbo model

Source: compiled by the authors

Dedicated GPU memory usage

Shared GPU memory usage

6,0 GB

7,8 GB

Driver version:
Driver date:
DirectX version:

Physical location:

Hardware reserved mem...

Utilization Dedicated GPU memory
0% 4,9/6,0 GB
Shared GPU memory
GPU memor
U 01/7,8 GB
5,0/13,8 GB

GPU Temperature

50°C

Figure 3. Resource consumption of the standard Whisper configuration with Turbo model

Source: compiled by the authors

The use of almost 5 GB of video memory limits the
possibility of implementing such a configuration on com-
mon hardware, in particular on laptops or workstations
with graphics adapters with 4-6 GB of VRAM. In addition,
high resource consumption makes it difficult to simulta-
neously process multiple audio streams on a single GPU.
From a scaling perspective, this means that supporting nu-
merous parallel audio sessions requires either a significant
increase in the number of GPUs, or the use of optimisation
methods aimed at reducing the model size and computa-
tional costs without degrading accuracy.

Optimisation of the Whisper computational

pipeline using CTranslate2

The main direction of optimisation of the studied automat-
ic speech recognition system was the use of the CTranslate2
library, which is focused on high-performance inference of
transformer models. The key advantage of this approach

is the direct management of memory and internal buffers,
which allowed minimising the number of calls to high-level
abstractions typical in the standard Python-pipeline. As a
result, the overhead of memory management was reduced,
which had a positive effect on latency and overall perfor-
mance of the system. To increase efficiency, CTranslate2
implements the fusion of adjacent tensor operations, com-
bining these operations into a single call to the GPU com-
puting core. This approach provided more efficient data
caching and significantly reduced communication costs be-
tween individual computation stages, which is critical when
processing large layers of the Whisper transformer archi-
tecture. The processing was carried out on the basis of the
mathematical model described by formula (1), which deter-
mines the matrix representation of the mel-spectrogram
and further transformations in the encoder. In each self-at-
tention layer of the encoder, the feature matrix X is line-
arly projected into the spaces of queries, keys, and values:
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QK"

Attn(X) = softmax <E) v, 2)
where Q=XW_, K=XW,, V=XW, W, W, W, €R?"% - pa-
rameter matrices, in Wthh Qis the query matrix, which
encodes what information each position of the sequence
“looks” for in other positions. Each row of Q corresponds
to one time step and contains a feature vector, which de-
termines the relevance of other frames for this position;
K is the key matrix, which encodes what information each
position can provide. During the multiplication QK”, the
similarity measure between queries and keys is calculat-
ed, i.e., the weight of the mutual influence between time
steps is determined; V is a matrix of values that contains
the actual information representation of each position.
After normalisation of the attention coefficients through
the function, the weights are applied to V, forming a new
aggregated representation of the features; d, is the dimen-
sion of the key space.

The quadratic dependence on T, which arises as a re-
sult of the multiplication , determines the computational
complexity of one self-attention layer of the order If there
are L (the number of sequentially applied self-attention +
feed-forward blocks in model encoder) such layers in the
encoder, the total computational cost of the encoder part
can be approximated as (3):

Cenc(’T) zLe x CSEIf (T’ dk)’ (3)

which explains the significant contribution of the encoder
to the overall latency, especially for long audio fragments.
The Whisper decoder operates in autoregressive mode.

At each step t, a partial sequence of tokens of length ¢
is formed, which interacts with the encoder output through
the cross-attention mechanism (4):

Attn, = softmax (?;d%) V., 4)
where Q. = HW",K, = H.W®,V, = H.W® - trained
weight matrices (attention-head parameters d); H, is the
encoder output, and H, is the decoder representation at
step t.

For one decoding step, the cross-attention complexity
C__is estimated as (5):

Ccross

C,..(LH=0(Ttd), (5)
which reflects the dependence on both the length of the
input signal and the current length of the generated se-
quence.

For autoregressive sequence generation of length N
(Iength of the generated (target) sequence), i.e. the num-
ber of tokens that the model autoregressively produces at
the output) with Ld (number of decoder layers in the trans-
former architecture), the basic cost (without optimisations)
is approximated by (6):

Caec(T,N) = Eiq Lg X Ceross (T, ) = Lg X O (Tdk N(N+1)) (6)
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Applying beam search with bea m size b linearly scales
these costs, since the calculations are performed in parallel
for several hypotheses (7):

Caeé™(T,N,b) = b X Caec(T, N). Y

Thus, the total computational cost of the standard
Whisper implementation in this implementation can be
represented as the sum of the encoder and decoder costs:

Chase(T, N, b) = Conc(T) + nggm (T, N, b). )

In CTranslate2, the implementation involves replacing
the sequence of individual tensor operations, such as ma-
trix calculations, normalisations, and activations, with the
use of a dedicated computational kernel. This means that
instead of executing a set of operators in stages (9):

0= {01: 02;"-) Ok}) (9)

each of which is accompanied by separate accesses to glob-
al memory, to a single fused operation (10):

0=f(0,,0,.,0), (10
which is executed within a single GPU kernel launch. Each
operator o has its own computational cost ¢, and memory
access cost m,.

Then for the basic version of the implementation, the
result will be (11):

base
Clayer

= 2?:1 Ci 'Mll;%zs:r = 2?:1 mi. (11)
where c, is the computational cost; m,is the memory access
cost for each operator, then after fusing these costs are re-
duced to (12):

opt
Clayer ® azl 16,

My = B Y, my, 12)
where the coefficients a, g € (0.1) reflect the reduction in
computational and memory costs. This is due to operator
optimisation and improved caching.

The overall efficiency gain of the model can be repre-

sented through the speedup coefficient (13):

_ Cbase(T’N.b)

S Chﬁzge_*,cbase 1
JUSe T Cope(TNb)

aCe acse+acbase

(13)

Thus, the given formalism demonstrates that the re-
duction of the coefficient a\alphaa directly transforms into
a reduction of the inference time, while the reduction of
P\betap reduces the load on the memory subsystem. This
theoretically justifies the experimentally recorded acceler-
ation of Whisper after the integration of CTranslate2 and
explains the mechanisms of reducing the latency of au-
dio-stream processing without losing the recognition ac-
curacy. The results of Whisper inference using CTranslate2
for the Turbo model are shown in Figure 4.
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\pythonProjectl\main.py

MeHi TpuHapguaTuX MUHanNo, A nac ArHATa 3a cenoM. Yu TO TaK COHEYKOo
ciano, UYu Tak MeHi yorocb 6yno. Meni Tak nwbo-nwb6o cTtano, He Haye B
bora. Yxe noknukanu no naw, A 8 cob6i y 6yp'sHi Monwcsa bory. I He

3Haw, 4oro,

ManeHbKoMy MeHi Toal Tak npusA3HO Monunocb. Yoro Tak

seceno 6yno? locnogHe He6o I ceno, fAArHA, 3paeTbca, Becenunocob, I
coHue rpino, He nexkno. Ta Heposro coHue rpino, Heposro Monunocsh,

3anekno, 3ayepsoHino, I paw 3ananuno. MoB NpPOKWHYBCH,
I Te noMepHino. MornsHys {8 Ha ArHaTa,

noyopHino, Boxe, He6o rony6ee,

Ceno

He Mol arHaTa, 06epHysca fa Ha xarTu, Hema B MeHe XxaTu. He pas MeHi
Bor Hiyoro, I XnuHynu cnbo3u, Taxki cnbo3u. A aisuyuHa npu camin

popo3i, Hepaneko Kono MeHe,

JNlockuHb Bubupana. Ta ¥ nouyna, llo s

nnavy. Mpuiwna, npusirtana, YTupana Mol cnbo3u I nouinysana. HeHaue
coHue 3aciano, HeHaye Bce Ha cBiTi cTano mMmoe, JlaHu, rai, caau,
XapTywuu norHanu Yyxi aruarta flo soau BpuaHa. A ¥ poci, aKk 3rapaw, To
cepue nnavye Ta 6onutb. Yomy locnogb He pas poxutb Manoro Biky Y Tim
paw? Ymep 6u Opwyu Ha Husi, Hivoro 6 y csirti He 3Has, He 6ys 6u B
ceiti Wpoausum Jlopen I Bora He npoknss.

4.984297275543213

Figure 4. Result of Whisper+CTranslate2 processing with the Turbo model

Source: compiled by the authors

For additional optimisation of the load distribution
between CPU and GPU, as well as for efficient encoding and
decoding of the audio signal, FFmpeg was used instead of
Whisper’s standard audio module. As a result of adaptation
of Whisper ASR to CTranslate2, the full processing cycle

Dedicated GPU memory usage

of the original audio file was reduced to 4.9 s. At the same
time, the maximum recognition accuracy (WER = 0) was
maintained, and the hardware resource consumption was
significantly reduced: 1.8 GB VRAM compared to 4.9 GB in
the standard configuration (Fig. 5).

6,0 GB

AR A

Shared GPU memory usage

Utilization Dedicated GPU memory
1% 1,8/6,0 GB

GPU memory Shared GPU memory
1,9/13,8 GB 01/7,8 GB

GPU Temperature
56°C

7,8 GB

Driver version:
Driver date:
DirectX version:
Physical location:

Hardware reserved mem...

Figure 5. Video card resource consumption Whisper+CTranslate2 with the Turbo model

Source: compiled by the authors

The results obtained confirm the effectiveness of us-
ing CTranslate2 as a tool for optimising transformer mod-
els for automatic speech recognition tasks, especially in
the context of reducing latency and hardware resource
requirements without losing quality. Reducing the pro-
cessing time from 8.5 to 4.9 s provides an almost 1.7-fold
system speedup without degrading recognition quality.
In addition, reducing video memory consumption from
4.9 GB to 1.8 GB allows the model to be used on a variety of
hardware platforms, including more affordable GPUs. This
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is important for situations where multiple audio streams
need to be processed in parallel, for example, when mon-
itoring different speech sources or creating multi-user
speech recognition systems.

Another advantage of CTranslate2 is the ability to
quantise the model. In this case, quantisation means re-
ducing the bit depth in which the model weights are rep-
resented, starting from the original format. This approach
is based on the assumption that the computational perfor-
mance of the model does not usually require high precision
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(e.g., FP32) during inference. Thus, reducing the precision
can lead to a small loss in recognition accuracy. Formally,
the quantisation process can be represented as a mapping
of values from the continuous space of real numbers to a
discrete integer space with limited bit width. This mapping
is described by relation (14):

Qq+R—>Z,xq=Qq(x),X:squ, (14)
where Q, + R — Z denotes the quantisation operator (Q,),
which maps values from the space of real numbers (R) into
the discrete (integer) space (Z); x — the initial real value of
the parameter or activation; X, - its quantised representa-
tion; s is the scale factor that restores the approximate
value in the original number space. The scale factor plays
a key role in reducing the approximation error and deter-
mines the trade-off between representation accuracy and
computational efficiency.

From the point of view of hardware implementa-
tion, the reduction in bit depth directly affects the cost
of performing basic linear algebraic operations, primarily
matrix multiplications, which dominate in transformer
architectures. If denoting the computational cost of an
operation in FP32 format as c, ., and in quantised format
as c,, then for large matrix operations the following ap-
proximation (15) is valid:

cqzycfpsz,ye(O.l), (15)
where the coefficient y reflects the relative reduction in
computational costs due to the use of smaller bit widths
and specialised vector instructions of the processor or GPU.
Similarly, reducing the bit widths of weights and interme-
diate tensors leads to a proportional reduction in memory
requirements, which can be expressed as (16):

Dedicated GPU memory usage

Shared GPU memory usage

Utilization
1,0/6,0 GB
1%
Shared GPU memory
GPU memory 01/7,8 GB
1,1/13,8 GB

GPU Temperature

54°C

Dedicated GPU memory

m = 6mfp32,

8€(0.1), (16)
where m,, and m_are the memory sizes required to store
parameters in FP32 and quantised formats, respectively.
Reducing the coefficient S\deltaé is especially important for
scenarios where models are deployed on devices with lim-
ited VRAM. Combining the effects of quantisation with the
optimisations achieved through the fusion of operations in
CTranslate2 allows formulating a generalised model of the
computational complexity of the optimised system. If the
basic complexity of the standard Whisper implementation
is denoted as C, _ (T, N, b) (formula (8)), then for the quan-

base

tised configuration (17):

CIE™(T,N,b) = ¥SikeCoase (T, N, b),

opt 17

where S;, = a corresponds to the effect of fusing oper-
ations, and y is an additional reduction in computational
cost due to quantisation.

Thus, the total performance gain is formed multiplica-
tively due to two independent optimisation mechanisms:
structural optimisation of the computational graph and re-
duction of numerical accuracy. The resulting formalisation
explains the experimentally observed reduction in inference
time and reduction in video memory consumption without
degrading the WER indicator. It also confirms the feasibili-
ty of using quantisation in combination with CTranslate2 as
an effective tool for adapting Whisper to real-time scenarios
and limited hardware resources. Figure 6 shows the VRAM
usage profile after the Whisper model transitions to a less
resource-intensive numeric format for representing param-
eters and activations. The reduction in GPU memory usage
compared to the standard full-bit (FP32/FP16) implementa-
tion is visually recorded, which indicates the effectiveness of
the applied quantisation or low-bit data representation.

6,0 GB

7,8 GB

Driver version:
Driver date:
DirectX version:
Physical location:

Hardware reserved mem...

Figure 6. Resource consumption of the Whisper+CTranslate2 video card
with the Turbo model and int8 float16 quantisation

Source: compiled by the authors
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The reduction in VRAM is directly related to the re-
duction in the size of the model parameters, intermediate
activation tensors and service buffers. The transition, for ex-
ample, from FP32 (32 bits) to INTS8 (8 bits) or FP16 (16 bits)
theoretically reduces memory costs by a factor of 4 or 2 for
each tensor, respectively. This not only reduces static memo-
ry consumption, but also significantly reduces dynamic costs
associated with data caching and transfer between levels of
the memory hierarchy (L2 cache, shared memory, global
memory GPU). From the point of view of system architec-
ture, this leads to a reduction in memory bandwidth pres-
sure, which is a critical bottleneck in transformer models,
where operations such as GEMM and attention dominate.
Thus, not only the fact of reducing VRAM consumption is
illustrated, but also a fundamental change in the calculation

\pythonProjectl\main.py

profile: the model moves from memory-bound mode clos-
er to compute-bound, which is desirable from the point of
view of optimising performance. At the same time, Figure 7
presents the result of the Whisper automatic speech recog-
nition system in the Turbo configuration after integrating
CTranslate2 and applying hybrid quantisation int8 float16.
The result demonstrates correct text transcription of the
input audio signal, which indicates the preservation of se-
mantic and lexical recognition accuracy under conditions of
a significant reduction in computational and memory costs.
The actual processing time of the audio file in this configu-
ration was 3.8 s, which is the lowest value among all the op-
tions studied. At the same time, the Word Error Rate (WER)
indicator remained equal to 0, i.e., quantisation and optimi-
sation did not lead to degradation of the recognition quality.

MeHi TpuHapusiTWA MUHanNo. A mac SrHATa 3a CefoM. Yu TOo TakK COHEYKOo
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Figure 7. Result of Whisper+CTranslate2 processing with Turbo model and int8 float16 quantisation

Source: compiled by the authors

The achieved effect is due to the use of the hybrid
numerical format int8 float16, in which the weights of
the neural network are stored in the 8-bit int8 format,
and the intermediate activations and calculations are
performed in the 16-bit float16 format. This approach re-
duces the amount of memory for storing the model and
the number of accesses to global memory, while main-
taining sufficient dynamic range and numerical stability
for multilayer transformer calculations. Figure 8 demon-
strated the practical suitability of the optimised Whisper
configuration for scenarios focused on real-time or mul-
tithreaded audio data processing, as well as for use on
edge devices with limited hardware resources. Reduced
VRAM consumption allows the system to scale with-
out additional costs for high-performance GPUs, which
makes this implementation effective for streaming ASR
services, multilingual platforms, and information space
monitoring systems.
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Comprehensive comparison

of audio stream processing configurations

In the experiment, the standard Whisper provided the
maximum recognition accuracy (WER =0), but was charac-
terised by a high processing time for one audio file (8.5 s)
and significant VRAM consumption (4.9 GB). The results
showed that with such a configuration, the implementa-
tion is resource-intensive and limits the system’s scala-
bility on hardware with limited video memory. The visual-
isation of the resource consumption profile demonstrates
a stable GPU load level with peak values during encoder
and decoder calculations, which indicates significant costs
for processing large tensor operations. Optimisation using
CTranslate2 allowed significantly reducing both audio pro-
cessing time and memory consumption. Thanks to opera-
tor fusion and optimised kernels, and more efficient data
caching, the transcription time was almost halved to 4.9 s,
while VRAM usage decreased to 1.8 GB. At the internal
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architecture level, this was achieved by consolidating tensor
operations, which reduced the number of memory accesses
and the overhead of communication between the GPU core
and RAM, which was confirmed by graphical profiling.
Additional quantisation of the model to the int8_
float16 format demonstrated a further increase in efficien-
cy. The weights of the neural network were converted to an
8-bit integer format, while the intermediate calculations
remained in the float16 format, which provided the optimal
balance between accuracy and performance. As a result, the

processing time was reduced to 3.8 s, and the amount of
VRAM consumed was reduced to 1 GB. This configuration
also supported a zero WER, indicating that there was no
loss of accuracy when applying resource-saving optimisa-
tions. To summarise the results, Table 2 was formed, which
displays the main performance and resource usage metrics
for each configuration. The data demonstrate a clear cor-
relation between the level of optimisation and the reduc-
tion in hardware costs, as well as a clear increase in perfor-
mance while maintaining maximum recognition accuracy.

Table 2. Comparison of Whisper configurations by key metrics

Configuration Processing time, s VRAM, GB WER Acceleration, x VRAM reduction, x
Standard Whisper 8.5 4.9 0 1 1
Whisper + CTranslate2 49 1.8 0 1.7 2.7
Whisper + CTranslate2 +
quantisation 38 1 0 22 4.9

Source: compiled by the authors

Analysis of the table demonstrates a clear correlation
between the level of optimisation of the Whisper system
and its performance, while also reflecting the effectiveness
of resource-saving strategies. Comparison of configura-
tions shows that the use of CTranslate2 provides a signifi-
cant reduction in processing time and VRAM consumption
without loss of accuracy, which indicates optimisation of
calculations and reduction of overhead for memory access.
Additional quantisation in the int8 float16 format not only
continued the trend of reducing hardware requirements,
but also demonstrated that it is possible to achieve sig-
nificant processing acceleration while maintaining a zero
WER, that is, without compromising recognition quality.

Synthesising these data, it is worth concluding that
optimisation through CTranslate2 and quantisation does
not simply reduce resource consumption, but changes the

8.5

O = NWHhUUIO N O

Standard Whisper

architectural efficiency of calculations: the combination of
tensor operations and the reduction of the amount of pro-
cessed data allows achieving acceleration by more than two
times while simultaneously reducing video memory con-
sumption by almost five times. This highlights the strategic
importance of combined approaches, where core-level op-
timisation is combined with numerical downscaling tech-
niques, providing a high-performance and resource-effi-
cient environment for automatic speech recognition. At
the same time, this configuration opens up opportunities
for scaling on devices with limited computing power and
VRAM, making the system more versatile and suitable for
real-world implementation in edge computing and audio
streaming environments. Figure 8 presents a graphical
summary of the relationship between processing time and
VRAM consumption for the three configurations.

=== Processing time, sec
e \/RAM, GB

3.8

1.8

Whisper + CTranslate2

1

Whisper + CTranslate2 +
guantisation

Figure 8. Dependence between audio processing time and VRAM consumption for three Whisper configurations

Source: compiled by the authors

The graph clearly demonstrates that the use of
CTranslate2 and quantisation provides two key advantag-
es: significant acceleration of transcription and a signifi-
cant reduction in hardware resource requirements, while
the recognition accuracy is not reduced. This approach al-
lows for more flexible scaling of the system, ensuring its
operation on limited hardware platforms, and supporting
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parallel processing of multiple audio streams, which is crit-
ical for multi-user and edge scenarios. Thus, a comprehen-
sive comparison of the configurations confirmed the effec-
tiveness of the step-by-step optimisations of Whisper, and
also provided quantitative and visual arguments in favour
of integrating CTranslate2 and quantisation for high-per-
formance automatic speech recognition tasks.
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Discussion

The obtained results confirm the trend towards intensive
development of Whisper-type model optimisation ap-
proaches for real-time scenarios and resource-constrained
environments. In particular, the recorded reduction in in-
ference time and memory consumption without loss of ac-
curacy is consistent with the current direction of research
focused on increasing the computational efficiency of ASR
systems. Thus, the empirical data obtained within the
framework of the current study not only demonstrate the
practical feasibility of the applied optimisations, but also
confirm that the adaptation of Whisper to edge- and near-
real-time scenarios is a technically justified and method-
ologically sound strategy for the development of modern
automatic speech recognition systems. In order to objec-
tively interpret the obtained results, the findings should be
correlated with the work of other authors who studied the
issue of increasing the efficiency of speech systems.

Thus, in the work of Y. Moslem et al. (2025), the
SpeechT system is described, which used mentoring ses-
sion techniques to increase the accuracy of speech trans-
lation. The authors showed that the performance of the
system depended on the quality of data preparation and
the training structure. Compared with the present results,
the use of CTranslate2 and quantisation allowed reducing
the processing time and peak VRAM consumption without
losing accuracy, which was not achieved in the work by
Y. Moslem et al. In turn, J. Ala-Rantala (2025) presented a
system for generating visual content based on voice com-
mands with low latency, demonstrating the advantages of
optimised pipelines and minimising latency. Compared
with the conducted study, these results partially aligned
with the current processing time indicator, however, the
models used were generative and did not take into account
the specifics of ASR.

Methods of selecting and filtering audio data for effec-
tive further training of ASR models, which increased accu-
racy in highly specialised domains, were applied by P. Ran-
gappa et al. (2025). The authors focused on data quality for
fine-tuning, while the conducted study focused on optimis-
ing inference and reducing the load on the hardware. There-
fore, although the accuracy (WER) indicators were similar,
the processing time and resource consumption were signif-
icantly different. At the same time, A. Znotins et al. (2025)
presented an open LATE toolkit for Latvian and Latgalian,
which allowed for high-accuracy transcription of low-re-
source languages. The study showed a significant impact of
high-quality corpus preparation on transcription accuracy.
Compared with the present study, the authors’ WER results
were similar for well-prepared audio data, but the use of
CTranslate2 and quantisation provided a significant reduc-
tion in processing time and peak VRAM consumption.

In the thesis of S. Kim (2024), a full-stack approach for
efficient inference of deep models was presented, which
included hardware optimisation, improved memory man-
agement, and parallelisation of calculations. The author
proved that a comprehensive combination of hardware
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and software optimisations allows achieving a significant
reduction in processing time and power consumption with-
out loss of accuracy. Compared with the present study, the
application of CTranslate2 for Whisper Turbo provided
a similar reduction in inference time and VRAM, but the
absolute processing times were higher, which is explained
by the less optimised hardware configuration in the test
environment and different audio characteristics. At the
same time, the V-APA system, which uses voice commands
to automate business processes, is presented in the study
of M.H. Hwang et al. (2026). The authors noted the critical
dependence of the system performance on the speed and
accuracy of ASR, especially in real-time scenarios. The re-
sults obtained partially confirmed these conclusions: the
integration of Whisper with CTranslate2 and quantisation
reduced the inference time and peak VRAM consumption,
which could potentially improve the efficiency of systems
like V-APA. However, direct correlation of recognition ac-
curacy (WER) was limited due to different language con-
texts and the specificity of the audio data.

A. Menshawy & M. Fahmy (2025) reviewed strategies
and patterns for designing large language models in an
enterprise environment. The authors emphasised the im-
portance of optimising models to ensure a balance between
accuracy, speed, and resource costs. The results obtained di-
rectly correlate with this approach: the use of CTranslate2
and quantisation allowed increasing the performance of
Whisper without losing transcription quality. At the same
time, in the enterprise context described by A. Menshawy &
M. Fahmy, the focus was on integration into large systems
and scalability, while the current study was local. Trans-
former optimisation techniques for low-latency inference,
including the use of hardware acceleration, changes in layer
architecture, and code optimisations, were explored in the
work by A. Kasoju & T. Vishwakarma (2025). The authors
showed that properly selected optimisations can signif-
icantly reduce processing time without losing accuracy.
Their results correlate with current observations of reduced
inference time using CTranslate2 and quantisation, which
confirmed the effectiveness of hardware-software optimi-
sations. L. Zhang et al. (2025) proposed LoRA-INT8 Whis-
per, a framework for Cantonese language recognition on
edge devices with low resource costs. The authors demon-
strated that quantisation to INT8 combined with LoRA lay-
er dimensionality reduction allows for real-time processing
under limited resources, with minimal loss of accuracy. The
current study also noted a reduction in inference time and
peak VRAM consumption during quantisation, but the WER
in the experiments remained zero. These differences can be
explained by differences in audio file types.

A.Orhonetal. (2025) presented WhisperKit, a real-time
solution on user devices using billion-scale transformers.
The authors focused on efficient memory organisation
and parallel batch processing to achieve low latency while
maintaining high accuracy. They showed that architectur-
al optimisations and hardware integration critically affect
performance. At the same time, the obtained results of
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current study for WER were somewhat inconsistent: the
current audio file was shorter, with different noise charac-
teristics, which led to zero recognition error rates, although
the inference performance (processing time and VRAM)
was consistent. N. Wang et al. (2022) proposed a compre-
hensive approach to deep transformer compression, in-
cluding pruning, quantisation, and knowledge distillation.
The researchers showed that the combination of these
methods allows reducing the model size by more than 70%,
while maintaining close to the original accuracy on stand-
ard FFMpeg tasks. Compared to the conducted study, the
application of Whisper Turbo quantisation also reduced
the model size and VRAM, increasing the inference speed.

S.M. Ebrahimipour et al. (2025) focused on latency-ori-
ented pruning and quantisation of self-trained transformers
for edge devices. The authors showed that the combination
of these methods allows for a significant reduction in infer-
ence time and memory consumption without a critical de-
crease in accuracy. Quantisation in the study also reduced
processing time by 20-30% and reduced VRAM. The publi-
cation of S. Khadse (2025) analysed the prospects for using
small language models and resource-saving artificial intelli-
gence technologies for edge deployment. The author empha-
sised that model compression, computational optimisation,
and adaptation to local devices critically affect performance,
which confirms the validity of the experiments with CTrans-
late2 and quantisation. At the same time, the author noted
that excessive compression can reduce recognition quali-
ty, which is consistent with current observations: optimal
quantisation parameters allowed balancing performance
and WER, while a more aggressive reduction in model accu-
racy led to a significant deterioration in recognition.

In the article by V. Potocnik et al. (2024), it was shown
that optimising the inference of foundation models on
a multicore Reduced Instruction Set Computer, version
Five (RISC-V) platform with numerous small cores allows
achieving high performance at low energy costs. The au-
thors used specialised distributed inference algorithms and
optimised libraries to manage calculations on microcores.
Compared with the conducted study, the results confirmed
the effectiveness of inference optimisation to reduce pro-
cessing time and reduce energy consumption. However, in
the current experiment, the absolute values of inference
time on GPU were higher, which is explained by the dif-
ference in hardware architectures: RISC-V with numerous
small cores provides parallel processing, while these tests
were performed on a standard GPU platform with a smaller
number of threads for simultaneous calculation.

In turn, M.M. Kalhoro & M. Masab (2025) investigated
lightweight online ASR methods, emphasising the impor-
tance of increasing the attention of the model for real-time
recognition accuracy. The authors showed that even a small
improvement in attention mechanisms can reduce WER
and improve recognition stability on complex audio, in
particular in noisy conditions. At the same time, R. Vergal-
lo et al. (2025) performed a large-scale evaluation of quan-
tisation to reduce the energy footprint of deep learning
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models. The researchers showed that 8-16-bit quantisation
schemes significantly reduce energy consumption without
significant loss of accuracy on supervised datasets. The re-
sults obtained are partially correlated: a decrease in VRAM
and inference time was recorded for Whisper Turbo quan-
tisation. This discrepancy is explained by differences in the
test cases, since the experiments included real audio files
with different noise backgrounds and accents, which com-
plicated the recognition accuracy.

C. Wu et al. (2025) showed that quantisation, pruning,
and specialised inference engines are critical for practical
implementation of real-time ASR. These findings correlate
with the current results: using CTranslate2 together with
int8/FP16 quantisation significantly reduced inference time
and memory consumption without a proportional increase
in computational complexity. In turn, C. Feng et al. (2025)
showed that when quantising to 8 bits, a significant re-
duction in computational costs and memory size can be
achieved without a significant loss of accuracy, while with a
more aggressive reduction in bit depth (4/3 bits), the recog-
nition error increases markedly. Compared to the conduct-
ed study, where the use of hybrid quantisation int8 float16
and optimisation via CTranslate2 allowed reducing the in-
ference time and the consumption of video memory while
maintaining a zero WER, the authors’ work confirmed the
key trend: 8-bit quantisation is an effective compromise
between speed and accuracy. Thus, the comparison showed
that the results of the conducted study generally correlate
with the conclusions of other authors on the effective-
ness of inference optimisation and quantisation to reduce
processing time and resources. At the same time, discrep-
ancies in recognition accuracy are explained by different
testing conditions, the nature of the audio and hardware
platforms, which emphasises the need for a comprehensive
approach when evaluating the performance of ASR models
in different usage scenarios.

Conclusions

This paper investigated the effectiveness of optimizing
the Whisper speech recognition system through the inte-
gration of CTranslate2 and hybrid quantisation to reduce
inference time and lower video memory requirements on
GPUs with limited resources. The experiments showed that
the basic Whisper Turbo configuration with the standard
Python-pipeline and CUDA provided the maximum quality
of speech recognition (WER = 0), but was characterised by
a significant inference delay (8.5 s per audio file) and high
video memory consumption (4.9 GB). Such indicators sig-
nificantly limited the scalability of the system and its practi-
cal use on GPUs with limited VRAM, especially in real-time
scenarios and parallel processing of audio streams. The in-
tegration of CTranslate2 allowed optimising the computa-
tional pipeline through operator fusion and more efficient
memory management. In this configuration, the inference
time was reduced to 4.9 s, and the VRAM consumption was
reduced to 1.8 GB, which corresponds to approximately
1.7-fold acceleration and a reduction in memory costs by
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almost 63% compared to the basic implementation. Impor-
tantly, these optimisations did not degrade the recognition
quality, as the WER remained zero. Further application of
hybrid quantisation int8 float16 provided additional effi-
ciency gains: processing time was reduced to 3.8 s, and vid-
eo memory use was reduced to 1 GB. Taken together, this
resulted in an overall speedup of about 2.2x and an almost
fivefold reduction in VRAM requirements (4.9x) compared
to the standard Whisper configuration, while maintaining
WER = 0. Analysis of architectural features confirmed that
the main contribution to latency is the quadratic complex-
ity of self-attention in the encoder and the autoregressive
decoder with cross-attention, further complicated by beam
search. The optimised CTranslate2 backend reduced the
overhead of memory access and the number of interme-
diate tensor operations, while quantisation reduced the
amount of data transferred and the computational cost of
matrix multiplications.

The study was limited to using a single high-quality
audio file, assessing accuracy only by the WER indicator,
and testing on a single hardware platform, which does not

allow fully generalising the results to different recording
conditions, types of errors, and classes of computing de-
vices. In future studies, it is important to expand the audio
dataset, in particular by adding noisy recordings, which will
allow assessing the robustness of the models to noise in-
fluences. In addition, it is necessary to compare the results
obtained using different computational libraries and quan-
tisation schemes to identify the most effective approaches.
It is also necessary to assess the impact of optimisations
on more complex tasks, such as semantic classification and
tone analysis, where even minor errors in transcription can
significantly affect the accuracy of message interpretation.
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Improving the efficiency of Whisper-based audio stream processing...

NipBUEeHHA epeKTUBHOCTI 06pO6KU aygmionoToKIB
Ha 6a3i Whisper 3 iHctpymeHTamu CTranslate2 Ta FFMpeg
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AHoOTALiA. AKTYa/nbHICTh JOCTIIKEHHS IOJISAra€ B HEOOXiMHOCTI MiABMINUTM IMPOSYKTMUBHICTh i MacumTaboBaHiCTh
CUCTEM aBTOMAaTUYHOT'O PO3Ii3HABAHHSI MOBJIEHHSI Ha MPUCTPOSIX i3 06MeskeHMMM pecypcaMu, 0 06YMOBIIIOE METy
pobotu - ontumizyBatu Whisper 3a gomomoroio interpaiii CTranslate2 mis mpuckopeHHs o6umciaeHb Ta FFmpeg
s yHipikoBaHOI migroroBku aymiomaHux. EKcriepyMeHTabHi JOCTiIKEHHST ITPOBOIMIINCS 3 BUKOPUCTAHHSIM MO ei
Whisper Turbo Ha rpadiunomy mpouecopi 3 migTpumMkoro ratdopmu ob6unciaeHb Compute Unified Device Architecture.
IMopiBHIOBanMMCcsl 6a30BuUit KOHBeep Ha MOBi mporpamyBaHHsS Python, omTuMmizoBaHWMitT MexaHi3M BMKOHAHHS
indepency uepes CTranslate2 ta xoHdiryparis 3 ribpuaHoo kBaHTu3alieo y ¢opmati int8 floatl6. EdbexTuBHiCTD
OIliHIOBaJIacs 3a MOKa3HMKaMM Yacy BUKOHaHHS nepenbauyeHHs (iHpepeHCy), BUROPUCTAHHS Bileornam siTi Ta TOYHOCTI
aBTOMATMYHOTO po3mizHaBaHHs MoBieHHs (Word Error Rate). EkcrieprMeHTanbHI pe3yabTaTu MoKasasu, o 6a3oBa
KoH(irypauiss Whisper Turbo 3abesneuyBasia MakcuMMaabHy TOYHiCTh po3mizHaBaHHs (Word Error Rate = 0), omHak
XapaKTepu3yBajaacs BYCOKOKI 3aTPUMKOK iHdepeHcy (8,5 ¢ Ha aymiodaiin) i 3HAUHMM CITOXMBAHHSIM BiJeomam sTi
(4,9 TB). InTerparis CTranslate2 ckopoTuia yac 06po6Ku 10 4,9 ¢ (mpuckopeHHsI 1,7x) Ta 3MeHIINIa BUKOPUCTAHHS
Video Random Access Memory 1o 1,8 I'b (-63 %) 6e3 BTpatu sskocTi. [Togasbiiie 3aCTOCYBaHHS riOpUAHOI KBaHTU3allil
int8_float16 3a6e3mneunsio sHVKeHHS yacy iHpepeHcy 10 3,8 ¢ i ckopoueHHsI crioxkuBaHHs am’s1Ti 7o 1 I'B, mo Bignosinae
3arajJibHOMy IPUCKOPEHHIO O/M3bKO 2,2x Ta Maitke ISATUKpaTHOMY (4,9%) 3MeHIIeHHI0O BuUMOT o Video Random
Access Memory MopiBHSIHO 3i cTaHAapTHOMW peasisaiieto, mpu He3amiHHoMy Word Error Rate=0. OtpumaHi pe3ynbraTu
nigTBepauau edekTuBHiCTh oeqHaHHs CTranslate2 i ri6puaHoi KBaHTU3aIii A/ MOOYIOBM BUCOKOIPOAYKTUBHUX
cucrteM Automatic Speech Recognition peasbHOrOo uYacy 6e3 KOMIIPOMiCY B TOYHOCTi. BMCHOBKM MiAgTBepamIn
MPaKTUYHY MPUIATHICTb 3alPOMOHOBAHOI KOHGiryparii mjis 6araTokOpUCTyBalbKUX cepBiciB i edge-ciieHapiiB 6e3
KOMIIPOMiCy MiK LIBMIKICTIO Ta TOUHiCTIO. Pe3ynbTaTu AOCHiIKeHHS MOXYTb OYTM BUKOPUCTAaHI PO3POOHMKAMMU
CUCTEM aBTOMATMYHOTO PO3I1i3HABAHHS MOBJIEHHSI IJIs ONITUMIi3allii Mozesnei Ha rpadivyHMX Mpoliecopax 3 06MexkeHUM
06cSroM rmam’siTi, KOMITaHisIMM, 1110 HaJal0Th ITOTOKOBI ay/io- Ta 6araTOKOPMUCTYBaIlbKi cepBicu

KniouoBi crnoBa: kBaHTM3allisl; aBTOMaTMyYHe PO3Ii3HABAHHA MOBJIEHHS; (’I03yBaHHS OIEPATOPiB; Bimeornam’siTh;
pecypcoedeKTUBHICTh
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