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MULTILINGUAL GENERATIVE AI AVATAR:  
EDGE AND CLOUD-BASED REAL-TIME DEPLOYMENTS

Abstract. This paper introduces a multilingual avatar system designed for real-time human-AI In-
teraction in Kazakh, Russian, and English. AI-enhanced avatars present novel ways of communication 
and interaction between users and technology. This work follows current trends in Human-Computer 
Interaction (HCI), bringing innovations towards text-, voice-, and vision-supported embodied AI agents. 
We present and evaluate two practical configurations for the proposed multilingual avatar system (i.e., 
practical cloud-based avatar configuration and practical edge-deployed avatar configuration, both work-
ing in real-time). Both methods utilize models developed and fine-tuned at the Institute of Smart Systems 
and Artificial Intelligence (ISSAI) at Nazarbayev University, based in Astana, Kazakhstan. The cloud-
based configuration uses ISSAI’s Large Language Model (LLM) “Oylan” and the Text-to-Speech/Speech-
to-Text (TTS/STT) services of the ISSAI’s “MangiSoz” platform. On the other hand, the edge-deployed 
avatar configuration uses the ISSAI’s small vision-language model “Qolda” based on the InternVL3.5 
architecture with a Qwen3-4B language backbone. For speech processing, edge-deployed configuration 
uses on-device speech processing tools (i.e., Whisper Turbo for Automatic Speech Recognition (ASR) 
and Matcha-TTS for speech synthesis). The avatar interface is built using the popular 3D-stylized avatar 
creation platform “Ready Player Me”. During the evaluation of 96 queries across three languages (spe-
cifically, 32 Kazakh-language queries, along with 32 Russian and 32 English translations), the edge-de-
ployed avatar configuration showed a substantial performance advantage, reducing end-to-end response 
latency by 45.5% (2.28 s vs. 4.18 s) compared to the cloud-based avatar configuration. In a user study, 
seven participants tested the edge-deployed avatar configuration, and one participant tested the cloud-
based configuration, which has higher response latency affecting its usability. The study results highlight 
the potential of a small language model (SLM) integrated with speech detection/generation models on 
the edge to create real-time, responsive, offline communication with avatar-enhanced AI agents within 
the trilingual environment of Kazakhstan.

Keywords: Human-AI Interaction, avatars, large language model (LLM), text-to-speech (TTS), 
speech-to-text (STT).

1. Introduction

Human-AI Interaction is considered as a new era 
in Human-Computer Interaction (HCI) [1]. AI ava-
tars present a novel approach to enhancing voice- 
and text-based interaction with AI systems. These 
avatars incorporate visual and auditory modalities to 
facilitate natural, human-like communication, sup-
ported by features such as appearance, voice, and 
behavior. Ongoing technological advancements en-
able the development of increasingly realistic inter-
actions through varied tones, inflections, facial ex-
pressions, gestures, and body language [2]. Over the 
years, numerous studies have explored how humans 

intuitively interpret nonverbal messages conveyed 
through gestures, establishing communication chan-
nels in virtual social and collaborative environments 
[3]. Researchers envision that in the AI era, tradi-
tional human-to-human collaboration will eventu-
ally transform into human-AI interaction [4]. Since 
humans rely on spatial audio-visual cues, such as 
speech and facial expressions, for effective com-
munication, efficient human-AI interaction requires 
information delivery modalities that extend beyond 
textual forms [5].

The evolution of AI-based avatars traces back 
to the creation of early chatbots [6], followed by the 
development of systems based on neural networks 
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and language models [7]. In 2023, the release of 
GPT-4, a Large Language Model (LLM) integrated 
with a chat-based interface, significantly acceler-
ated research in this domain [8]. Concurrently, work 
in the field of HCI explored the concept of digital 
human-like agents, laying the foundation for mod-
ern avatar research [9]. Subsequent advancements 
in Natural Language Processing (NLP), Text-to-
Speech (TTS), and Speech-to-Text (STT) technolo-
gies empowered digital assistants to recognize, tran-
scribe, and generate human-like speech [10]. The 
convergence of these technological breakthroughs 
led to the emergence of AI avatars driven by LLMs 
and multimodal generative AI models [11]. These 
avatars are capable of operating in a human-like 
manner within shared virtual spaces, responding 
dynamically to descriptive prompts and contexts 
[12]. Although the foundational technologies ex-
isted previously, recent optimizations have yielded 
faster, more computationally efficient systems that 
are easier to integrate into diverse applications.

In general, cloud-based deployment is a com-
mon architectural approach for avatar systems, 
where avatar rendering, animation, and speech pro-
cessing are implemented on remote cloud servers 
[13]. According to [14], paid Application Program-
ming Interfaces (APIs) are supported by cloud ser-
vices and capable of offering higher-quality outputs. 
However, they are prone to increased latency, which 
affects the system’s temporal responsiveness and 
reliability. In addition, paid API services raise pri-
vacy and data security issues related to user safety. 
For example, stored user voice recordings could be 
used to generate deepfakes, or data leakage could 
expose sensitive user information from conversa-
tions to third parties [15]. As a solution, edge de-
ployment of avatar systems has been proposed as an 
alternative to cloud-based deployment. Specifically, 
edge-deployed avatar systems are capable of run-
ning all necessary components on the edge devices, 
such as user laptops or other mobile devices. They 
should have certain hardware capabilities, such as 
a GPU with sufficient computational power and 
memory. For example, in [16], the authors present 
an avatar system operating in Virtual Reality (VR), 
integrated with an edge-deployed Mistral 7B LLM, 
Whisper ASR, and Edge-TTS technologies via lo-
cal API calls. For the User Interface (UI), the au-
thors utilized the stylized avatar framework and lip 
synchronization technology to animate the avatar’s 
speech. The system features a control button to ac-
tivate voice input, which stops automatically when 
the user finishes speaking. According to the authors, 

the average latency, measured from the moment the 
user stops speaking to when the avatar begins its re-
sponse, is 3.2 seconds.

​​In this work, we created a multilingual avatar 
system that leverages AI models and speech pro-
cessing tools across cloud-based and edge-deployed 
configurations, both developed at the Institute of 
Smart Systems and Artificial Intelligence (ISSAI), 
based in Astana, Kazakhstan. In the Kazakhstani 
context, existing studies on avatars and AI have not 
yet demonstrated cloud-based and edge-deployed 
system configurations capable of real-time interac-
tion in the Kazakh, Russian, and English languages. 
For the practical edge-deployed avatar configura-
tion, we used ISSAI’s “Qolda”, a small vision-lan-
guage model based on the InternVL3.5 architecture 
with a Qwen3-4B language backbone [17]. Qolda 
has 4.3 billion parameters. For edge speech process-
ing, we used fine-tuned Whisper Turbo ASR and 
Matcha-TTS. For the practical cloud-based avatar 
configuration, we used ISSAI’s LLM “Oylan” API 
(https://issai.kz/documentation/oylanApi) and the 
TTS/STT services of ISSAI’s “MangiSoz” transla-
tion and speech processing platform running on the 
ISSAI server (https://mangisoz.nu.edu.kz/backend/
api-docs/en). For the evaluation of the proposed av-
atar system configurations, we used 96 queries, with 
32 queries in each language (i.e., Kazakh, Russian, 
and English). We designed a user study for the sub-
jective evaluation of usability, cognitive load, and 
performance involving the edge-deployed avatar 
configuration. We analyzed overall response laten-
cy and computational resource utilization for both 
cloud-based and edge-deployed avatar configura-
tions. In a user study, seven participants tested the 
edge-deployed avatar configuration, and one tested 
the cloud-based avatar configuration. Additionally, 
we investigated whether the benefits of reduced la-
tency and offline accessibility justify the hardware 
requirements for edge-deployed avatar configura-
tion.

The main contributions of this paper are the fol-
lowing. To the best of our knowledge, this is the first 
avatar system with two practical configurations (i.e., 
cloud-based and edge-deployed) and capable of real-
time trilingual interaction in Kazakh, Russian, and 
English using locally developed AI models. This 
addresses a critical gap in the literature on low-re-
source Turkic languages, where no comparable sys-
tem has previously been demonstrated. We evaluate 
the performance of cloud-based and edge-deployed 
avatar configurations that use different models, run-
times, and server conditions, yet both use a browser-



22

Multilingual generative ai avatar: edge and cloud-based real-time deployments

based 3D avatar rendering platform. Edge-deployed 
ISSAI avatar configuration shows 45.5% end-to-end 
latency reduction compared to the cloud-based IS-
SAI avatar configuration. In a user study involving 
seven participants, the edge-deployed avatar config-
uration was tested to evaluate its usability and effect 
on cognitive load. Meanwhile, one participant was 
offered the cloud-based avatar configuration due to 
its higher response latencies. Also, we performed a 
detailed component-level analysis of GPU resource 
allocation within edge-deployed ISSAI avatar con-
figuration for concurrent multi-model deployment 
scenarios. The results demonstrate that 3D-stylized 
avatar rendering and AI inference can coexist on a 
single consumer-grade laptop GPU, which further 
can increase the accessibility of the avatar system.

The remainder of this paper is organized as fol-
lows: Section 2 provides an overview of existing 
research on avatars, covering their applications, 
advantages, and limitations. Section 3 details the 
proposed architecture and the methodology used 
for performance testing. Section 4 presents system 
evaluation and user study results, including latency 
analysis, resource usage, and performance com-
parisons across different languages and deployment 
architectures. Section 5 analyzes the trade-offs be-
tween cloud-based and edge-deployed avatar con-
figurations, existing limitations, and offers recom-
mendations for future research. Finally, Section 6 
concludes the paper.

2. Literature review

Avatars are increasingly deployed across di-
verse domains, including education, healthcare, 
media, customer service, and gaming [18], [19]. In 
[20], researchers have developed avatars to inter-
act with patients and assess their cognitive states. 
In [21], the authors present LLM-enhanced avatars 
designed for gaming environments to improve play-
ers’ social communication skills through dialogue. 
The authors highlight the ability of avatars to pro-
vide detailed, real-time feedback that facilitates the 
improvement of learning skills. Many studies in the 
literature also explore the efficacy of avatar-based 
pedagogical agents. The authors in [22] outline a 
theoretical framework for the design of AI-enhanced 
educational avatars, emphasizing their capacity to 
support personalized and context-aware interactions 
through individualized learning, contextualized in-
structions, enhanced immersion, and the scaffolding 
of self-regulation skills. According to the authors, 
human learning strategies are effectively stimulat-

ed by interaction with AI-based avatars. However, 
valid concerns remain. For example, incorrect in-
formation generated by an LLM could be perceived 
as genuine and convincing when delivered by an 
AI-embodied avatar with a unique personality. Fur-
thermore, when technologies such as LLMs, ASR, 
and cognitive services (including face recognition, 
emotion recognition, and user context evaluation) 
operate in the cloud, critical issues may arise, par-
ticularly regarding data security and user privacy.

In [23], the authors explore how an avatar’s 
interactional cues and visual realism influence the 
overall perception of the system. The research in-
dicates that visualizing the avatar’s engagement 
through visual signals enhances the user’s positive 
perception of the system. Regarding visual realism, 
studies suggest that photo-realistic avatars are not 
always perceived as the most convincing agents. For 
example, avatars that appear human but lack cor-
responding behavioral characteristics can fall into 
the “uncanny valley” thereby diminishing user trust 
[23]. Recent research has introduced sophisticated 
frameworks for generating highly realistic avatars in 
terms of appearance and behavior (e.g., OmniAvatar 
and WanS2V). In [24], the authors present a “Live 
Avatar” capable of speaking, reacting, and perceiv-
ing real-time context over extended durations. This 
approach employs an audio-driven avatar genera-
tion process based on a 14-billion-parameter dif-
fusion model and a distributed inference paradigm 
that performs denoising computation across mul-
tiple GPUs. The system demonstrated end-to-end 
generation of 20 frames per second (FPS) using the 
computing power of five H800 GPUs. Although this 
avatar generation system runs rapidly, the latency 
for generating the first frame remains significant and 
requires further reduction.

In another work [25], the authors present a sys-
tem that generates animations for photo-realistic 4D 
talking avatars. This framework transforms LLM-
generated text input into corresponding audio-
visual output assigned to the avatar. The proposed 
approach uses interconnected diffusion transform-
ers to generate speech synchronized with lip move-
ments, as well as facial and head gestures. The sys-
tem presents “always-on” avatars that listen and 
react to the user’s audio-visual input. In addition 
to active listening behaviors (e.g., back-channeling 
via nodding, smiling, eye contact, and mirroring ex-
pressions), the generated avatars deliver expressive 
reactions based on the transcribed text, introducing 
characteristics of empathetic dyadic interactions. 
The system is identity-specific, enabling the mod-
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el to generate audio-visual animations for specific 
identities included in the training. For system ex-
ecution, the authors utilized an A100 GPU, requir-
ing approximately 200 ms to synthesize a 20-second 
audio-visual sequence with the interactive avatar.

3. Materials and methods

3.1. System Description
The ISSAI avatar is designed as a browser-

based application integrating language models, 
speech processing technologies, lip sync, and 
3D-stylized avatar. Two practical system con-
figurations are developed that both use ISSAI’s 

AI models: 1) practical cloud-based ISSAI avatar 
configuration and 2) practical edge-deployed IS-
SAI avatar configuration (see Fig. 1). The cloud-
based configuration uses ISSAI’s LLM “Oylan” 
API (https://issai.kz/documentation/oylanApi) 
and TTS/STT services of ISSAI’s “MangiSoz” 
platform designed for translation and speech pro-
cessing applications (https://mangisoz.nu.edu.kz/
backend/api-docs/en). The edge-deployed configu-
ration uses ISSAI’s “Qolda”, a small vision-lan-
guage model with 4.3 billion parameters and based 
on the InternVL3.5 architecture with a Qwen3-4B 
language backbone [17], fine-tuned Whisper Turbo 
ASR, and Matcha-TTS frameworks. 

Figure 1. System architecture for cloud-based and  
edge-deployed ISSAI avatar configurations

The models were deployed as backend services 
using FastAPI and containerized with Docker. On 
the frontend, the system uses React 18, Vite, and 
Tailwind CSS. Users interact with the system via 
voice input. The avatar’s synthesized speech is syn-
chronized using lip-sync technology and delivered 
in the selected language. The system also displays 
the conversation history and the response times of 
the system components. The same hardware was 

used for the frontend part of both cloud-based and 
edge-deployed ISSAI avatar configurations (i.e., 
ASUS ROG Zephyrus G16 laptop equipped with an 
NVIDIA RTX 4090 Mobile GPU, 16GB VRAM).

In the system’s initial configuration screen (see 
Fig. 2), users can select the preferred language (Ka-
zakh, Russian, or English), the avatar character, and 
the background environment (classroom, office, or 
outdoor scene). The main avatar interface displays 
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a 3D-stylized avatar within the selected office en-
vironment (see Fig. 3). A microphone button is 
located next to the text input field. When pressed, 
voice input is activated, allowing users to pose their 
queries to the avatar. Users can also type their que-
ries directly into the text input field. The interface 
displays the conversation history between the user 
and the avatar, along with system response times. A 
performance metrics panel in the upper-right corner 
shows real-time latency measurements for system 
components. 

3D-Stylized Avatar. For the avatar component, 
we utilized the Ready Player Me platform, which 

supports web-based implementation. The avatars 
have a model size of 2.8 MB and load in less than 1 
second. During testing on the ASUS laptop, render-
ing maintained a stable 60 FPS, with Central Pro-
cessing Unit (CPU) usage ranging from 7 ± 2.63% 
(idle) to 12 ± 2.63% (active), while GPU usage for 
rendering remained 17 ± 2.50%. Stylized 3D avatar 
rendering conserves GPU resources for AI infer-
ence, especially in an edge-deployed configuration. 
Facial animation frames are synchronized with au-
dio playback via Web Audio API timestamps, with 
a latency of 50-100 ms between audio and visual 
output.

Figure 2. Initial configuration UI for selecting language,  
avatar, and environment

Speech Processing Pipeline. For speech pro-
cessing, the system’s MediaRecorder captures audio 
at 48 kHz and converts the WebM input to WAV 
format (16 kHz mono PCM) with -3 dB normaliza-
tion. In the cloud-based avatar configuration, speech 
processing is handled by MangiSoz API STT and 
TTS services available at https://mangisoz.nu.edu.
kz/backend/api-docs/en. In the edge-deployed con-
figuration, speech processes are handled by Whisper 
Turbo ASR and Matcha-TTS that operate directly 
on the laptop GPU alongside ISSAI’s Qolda. The 

audio preprocessing steps on the edge-deployed 
avatar configuration include format conversion, 16 
kHz resampling, normalization and transcription 
by Whisper Turbo ASR (note that Whisper Turbo 
requires 1.22 GB of VRAM). Matcha-TTS synthe-
sizes audio on the edge and generates the phoneme 
timing required for the avatar’s lip synchroniza-
tion. The Matcha-TTS model occupies 1.83 GB on 
VRAM. All used models have been fine-tuned by 
ISSAI to support the Kazakh, Russian, and English 
languages. 
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Figure 3. 3D-stylized avatar UI in the office environment communicating  
in Kazakh

Language Model. The cloud-based avatar con-
figuration utilizes ISSAI’s Oylan API available at 
https://issai.kz/documentation/oylanApi. The edge-
deployed avatar configuration employs ISSAI’s 
Qolda, a vision-language model based on the In-
ternVL3.5 architecture with a Qwen3-4B language 
backbone [17]. Qolda comprises 4.3 billion parame-
ters [17]. The model occupies 8.6 GB in FP16 GGUF 
format or 4.58 GB in INT8 GGUF format. In terms 
of performance, Qolda achieves an average accu-
racy of 71.64% on Kazakh text tasks across popular 
benchmarks, including MMLU, Winogrande, Hel-
laSwag, ARC, GSM8K, and DROP [17]. Further-
more, it attains an accuracy of 60.44% on vision 
tasks such as AI2D, MMStar, RealWorldQA, and 
KazakhOCR (in “Think” mode) [17]. According 
to the authors, ISSAI’s Qolda shows a 19.64-point 
improvement over the base Qwen3-4B model on 
Kazakh benchmarks [17]. To address the resource 
constraints for the edge-deployed configuration, we 
investigated model quantization as a compression 
technique. During the design of the edge-deployed 
ISSAI avatar configuration, we explored two vari-
ants: Qolda-Full, operating at full FP16 precision 
(8.6 GB memory footprint), and Qolda-Quantized, 
utilizing INT8 quantization in GGUF format (4.58 
GB memory footprint).

Inference in our avatar system is executed using 
Llama.cpp, which exposes an OpenAI-compatible 

localhost endpoint. This architecture allows us to 
use identical client-side code for both Qolda and 
Oylan models, requiring only a change in the ser-
vice URL. Llama.cpp manages model loading, KV-
cache optimization, request queuing, and optional 
token streaming. Llama.cpp deployment with the 
GGUF format Qolda model was selected as the de-
ployment method, rather than a safetensors format 
Qolda model deployed with LMDeploy, as reported 
in the original Qolda paper of ISSAI [17]. In our 
case, using LMDeploy caused the language model 
to consume more GPU VRAM. Memory-related 
limitations prevented us from running all AI com-
ponents on a single consumer laptop GPU with 16 
GB of VRAM when using LMDeploy. By using the 
Qolda model in FP16 GGUF format and the Llama.
cpp deployment method, we were able to run all AI 
models on a consumer laptop with a single GPU and 
16 GB of VRAM. Qolda’s enable_thinking param-
eter can activate internal chain-of-thought reasoning 
to enhance response quality while also increasing 
inference latency.

3.2. System Evaluation
To evaluate the performance of ISSAI avatar 

edge-deployed and cloud-based configurations, 
we designed a user study and conducted latency 
analysis comparing two practical configurations. 
The evaluation focused on three pipeline compo-
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nents: STT, Language Model Inference, and TTS. 
We measured response times across 96 queries (i.e., 
32 questions in Kazakh, 32 Russian, and English 
translations). Questions were selected to cover con-
versational, factual, reasoning, and practical tasks. 

Example questions in three languages are shown in 
Table 1. The full set of questions in three languages 
used for the user study is available at the project’s 
GitHub repository https://github.com/IS2AI/multi-
lingual_generative_AI_avatar.

Table 1. Example queries used for system evaluation in three languages

# Kazakh Russian English

1 Сәлем! Қалың қалай? Привет! Как дела? Hello! How are you?

2 Егер менде 5 алма болса, екеуін 
берсем, нешеуі қалады?

Если у меня 5 яблок и я отдам 2, 
сколько останется?

If I have 5 apples and give away 2, 
how many are left?

3 Күн жүйесінде неше планета бар? Сколько планет в Солнечной 
системе?

How many planets are in the solar 
system?

4 «Мектеп» сөзіне сөйлем 
құрастыршы.

Составь предложение со словом 
«школа».

Make a sentence with the word 
«school».

For the user study, we invited 7 participants 
(4  male and 3 female) from the community of 
students and researchers at Nazarbayev Univer-
sity (NU). The average age of the participants was 
25.29  ± 3.95 years. Prior to the user studies, ethics 
approval was obtained from NU Institutional Re-
search Ethics Committee (IREC). All participants 
were informed and provided consent. During the 
user study, participants were asked to read 32 que-
ries to the avatar, composed of 8 questions in the 
conversational domain, 8 questions assessing fac-
tual knowledge, 8 questions with reasoning tasks, 
and 8 questions on general tasks. When the avatar 
returned an answer, participants rated the response 
on a scale from 1 to 5. A rating of 0 was assigned 
if the system failed to recognize the query, failed to 
respond, or hallucinated, as well as when a partici-
pant wished to repeat the query to receive a better 
response. Let us call this procedure an experimental 
task. The experimental task was performed in three 
languages. All 32 queries used in the experimental 
task were generated in Kazakh, then translated into 
Russian and English. Participants were divided into 
three groups, with each group completing the experi-
mental task in all three languages but in different or-
ders. For example, Group A participants completed 
the experimental task in the Kazakh language, then 
in Russian and English. Group B participants fol-
lowed the order of Russian-English-Kazakh, while 
Group C participants completed the experimental 
task in the order of English-Kazakh-Russian.

After participants completed an experimental 
task in the first testing language, they were asked to 

rate their cognitive state and evaluate the usability 
of the system. They then moved to the second lan-
guage, followed by the same evaluation, and finally 
tested the system a third time in the third language. 
For the evaluation of cognitive load, we used the 
Unweighted/Raw NASA-Task Load Index (NASA-
TLX), also referred to as RTLX [26], and for the 
usability assessment, we used the System Usability 
Scale (SUS) Questionnaire [27]. After completing 
the experimental task in each language, participants 
filled out both questionnaires before proceeding to 
the next language’s experimental task. The Raw 
NASA-TLX rating subjectively measures user-ex-
perienced workload across six dimensions: mental 
demand, physical demand, temporal demand, per-
formance, effort, and frustration, with each scored 
from 0 to 100. SUS score evaluates the usability of 
the tested system in the range from 0 to 100.

The total end-to-end latency is calculated as a 
sum of the processing time for each component of 
the pipeline. For the edge-deployed avatar configu-
ration, where all computations are deployed on the 
edge device, the latency (Ledge) is defined as:

Ledge = TSTT + TLLM + T
TTS

                 (1)

On the other hand, the cloud-based avatar con-
figuration latency (Lcloud) has additional network 
transmission delays (δ), which occur during the data 
transfer between MangiSoz and Oylan API, so the 
formula is defined as: 

Ledge = LSTT + LLLM + L
TTS

                 (1)
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where
LSTT = TSTT + δ1

LLLM = TLLM + δ2

LTTS = TTTS + δ3

In these formulas, TSTT, TLLM, and TTTS  represent 
the raw model inference times, while δn denotes the 
network latency for the respective remote API calls. 
The values presented in Table 4 were calculated us-
ing the arithmetic mean (μ) and the sample standard 
deviation (σ):

𝜇𝜇𝜇𝜇 =  
1
𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛𝑛𝑛

𝑖𝑖𝑖𝑖=1
 (3) 

 
  

𝜎𝜎𝜎𝜎 = �∑ (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 − 𝜇𝜇𝜇𝜇)2𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1
𝑛𝑛𝑛𝑛 − 1   

(4) 

 
 

𝐸𝐸𝐸𝐸 = (1 −
𝐿𝐿𝐿𝐿𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑒𝑒𝑒𝑒

)  ∗  100% 
(5) 

 

                          (3)

𝜇𝜇𝜇𝜇 =  
1
𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖

𝑛𝑛𝑛𝑛

𝑖𝑖𝑖𝑖=1
 (3) 

 
  

𝜎𝜎𝜎𝜎 = �∑ (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 − 𝜇𝜇𝜇𝜇)2𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1
𝑛𝑛𝑛𝑛 − 1   

(4) 

 
 

𝐸𝐸𝐸𝐸 = (1 −
𝐿𝐿𝐿𝐿𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑒𝑒𝑒𝑒

)  ∗  100% 
(5) 

 

                    (4)

The comparative efficiency of the edge-de-
ployed ISSAI avatar configuration over the cloud-
based ISSAI avatar configuration can be calculated 
using the Latency Reduction Efficiency (E) metric:
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4. Results

Table 2 shows the user ratings for the avatar’s 
responses to the queries asked in the edge-deployed 
configuration tested during the user study. User rat-
ings were averaged per language and per query cat-
egory, with the specific query category and all cat-
egories together for each language; the means and 
standard deviations are reported in Table 2. The 
average rating for Kazakh queries was 4.18 ± 0.93, 
slightly lower than those for Russian and English. 
The user ratings for the Russian and English queries 
were 4.38 ± 0.41 and 4.37 ± 0.88, respectively. Users 
could also assign a value of ‘0’ to ask the query again 
and get a better response. The average number of 0 
ratings assigned by the 7 participants was 12.00  ± 

3.15 for Kazakh, 6.29 ± 1.69 for Russian, and 7.86 ± 
2.34 for English. Users 4 and 5 decided to ask some 
queries again, contributing more than 20 zero ratings 
in Kazakh. Analysis of daily language usage patterns 
revealed that both users use Kazakh 10% of the time, 
compared to Russian and English. The mean number 
of ‘0’ ratings across the 32 queries per language is 
37.5% for Kazakh, 19.7% for Russian, and 24.6% for 
English. The high retry rate of 37.5% for the Kazakh 
language could be attributed to limitations in both the 
speech recognition system and the language models 
generating responses in Kazakh. 

Table 3 shows the cognitive load evaluation 
results. The mental demand rating for the Kazakh 
language testing of the system was 30.71 ± 25.13, 
which is higher than the mental demand ratings for 
Russian and English, with corresponding values 
of 16.43 ± 11.25 and 15.71 ± 7.76. Similarly, the 
physical demand rating for Kazakh is higher than 
for Russian and English, even though all reported 
values are in the range related to low physical de-
mand. The rating for effort is higher for the Kazakh 
language than for Russian and English. The ratings 
for temporal demand and frustration are similar 
across all languages and have values corresponding 
to low levels of cognitive demand. The performance 
ratings for the Kazakh and English languages are in 
the same range, and higher than the performance for 
Russian. The corresponding visual representation of 
the cognitive load ratings is shown in Figure 4. Each 
participant in our user study completed the task in all 
three languages; the NASA-TLX ratings were ana-
lyzed using the non-parametric Friedman test [28]. 
The test revealed no statistically significant differ-
ences between languages for NASA-TLX cognitive 
load ratings (all p > 0.05). Specifically Friedman 
test applied on NASA-TLX ratings indicated the 
following results: mental demand  [χ²(2)  =  2.55, 
p  = 0.28], physical demand [χ²(2) =  0, p = 1], 
temporal demand [χ²(2) = 0.93, p = 0.627], perfor-
mance [χ²(2)  = 2.15, p = 0.341], effort [χ²(2) = 2.33, 
p  =  0.311], and frustration [χ²(2) = 3.55, p = 0.17].

Table 2. User ratings for each category queries (scale 1-5)

Category Kazakh Russian English
Conversational 4.30±0.94 4.83±0.35 4.57±0.69

Logic & Mathematics 3.87±1.0 4.03±0.50 4.16±1.07
Factual Knowledge 4.41±0.84 4.07±0.63 4.35±0.84

Practical Tasks 4.13±0.93 4.60±0.16 4.39±0.91
Total 4.18±0.93 4.38±0.41 4.37±0.88
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In addition to cognitive load feedback, 7 partici-
pants who tested the edge-deployed avatar configu-
ration were also asked to rate the usability of the sys-
tem using the SUS questionnaire. The results show 
that the highest SUS score, as rated by participants, 
is for English (90.71 ± 9.76). The SUS scores for 
Russian (88.93 ± 8.40) and Kazakh (86.79 ± 7.46) 

are slightly lower than for English. Differences in 
SUS scores for three languages are not statistical-
ly significant (Friedman test showed χ²(2) = 0.38,  
p = 0.827). A SUS score of 80 or more is considered 
as high usability. As discussed by Sauro et al. [29], 
a SUS score above 80.3 suggests that the tested sys-
tem will be recommended to friends.

Table 3. Raw NASA Task Load Index (RTLX) ratings (Mean ± STD)

Category Kazakh Russian English
Mental Demand 30.71±25.13 16.43±11.25 15.71±7.76

Physical Demand 20.0±23.30 11.43±7.89 11.43±7.89
Temporal Demand 20.0±23.30 15.0±11.65 7.14±15.08

Performance 33.43±24.60 24.33±25.27 34.31±30.87
Effort 35.0±20.53 21.43±15.29 22.86±15.32

Frustration 21.43±24.01 17.86±17.50 19.29±16.13

Figure 4. Raw NASA-TLX ratings for edge-deployed avatar configuration  
in Kazakh, Russian, and English languages

Table 4 summarizes the complete end-to-end 
pipeline latency analysis after the edge-deployed IS-
SAI avatar configuration was tested in a user study 
across three languages (32 queries for each lan-
guage) by 7 participants and the cloud-based ISSAI 
avatar configuration was tested by one user. The 
cloud latencies were measured by sending the same 
set of queries from the client laptop to the hosted 
ISSAI services over a standard university network 
connection. The study did not systematically control 
or log network conditions, warm-up, server load, or 

API-side caching during these measurements. Be-
cause cloud performance can vary with these fac-
tors, the cloud latency should be considered as an 
approximate baseline rather than a tightly controlled 
benchmark. The edge-deployed avatar configura-
tion shows an average total response time of 2.28 
s, while the cloud-based avatar configuration shows 
an average total response time of 4.18 s. The total 
response time of the edge-deployed configuration is 
45.5% lower than that of the cloud-based configura-
tion.
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Speech-to-text Performance. The cloud-based 
STT deployment demonstrated better performance, 
reducing latency by 39.7% with an average of 
0.38 s compared to the 0.63 s value of the edge-
deployed avatar configuration. Such a difference 
could be caused by the computational advantage 
of the cloud servers for speech recognition (i.e., 
NVIDIA A100). Edge-deployed ISSAI avatar con-
figuration might have computational constraints due 
to concurrent management of the STT, LLM, and 
TTS pipelines. However, the dedicated server-side 
resources used in the cloud-based ISSAI avatar con-
figuration maintain a stable processing window of 
0.33-0.44 s across all query categories. Ultimately, 
while the cloud-based avatar configuration per-
forms better in specialized transcription speed, the 
edge-deployed avatar configuration achieves faster 
total system latency by optimizing for end-to-end 
response generation through its downstream LLM 
and TTS tasks. Language Model Inference Per-
formance. Language model inference represents 
the most significant performance differentiator, 
with the edge-deployed avatar configuration achiev-
ing 60.6% faster inference (1.08 s average) than the 
cloud-based avatar configuration (2.74 s average). 
Performance gains are consistent across languages, 
with edge-deployed avatar configuration showing 
a 54.3% speedup in Kazakh (1.38 s vs 3.02 s), a 
59.4% speedup in Russian (1.08 s vs 2.66 s), and a 
69.4% speedup in English (0.78 s vs 2.55 s). Cloud-
based avatar configuration inference latency varies 
significantly across query categories (ranging from 
2.08 s to 3.48 s). On the edge-deployed avatar con-
figuration, simple factual queries are processed in 
0.34-1.01 s, while reasoning-intensive tasks take up 
to 2.37 s. 

Text-to-Speech Performance. While the edge-
deployed ISSAI avatar configuration achieves 
43.4% lower average TTS latency (0.60 s edge-de-
ployed vs. 1.06 s cloud-based configuration), their 
consistency across workloads differs significantly. 
Such performance remains stable across languages. 
Edge-deployed avatar configuration maintains fast-
er synthesis for Kazakh (0.61 s vs 1.11 s), Russian 
(0.59 s vs 1.02 s), and English (0.61 s vs 1.05 s). The 
cloud-based avatar configuration TTS exhibits sig-
nificant variability: standard responses range from 
0.97 s to 1.31 s, due to the cumulative overhead of 
network transmission and downloading audio pay-

loads from remote servers. Edge-deployed ISSAI 
avatar configuration does not have these delays, 
maintaining stable synthesis times of 0.57-0.65 s re-
gardless of query category. For complex or longer 
outputs, this results in nearly 2 times faster delivery 
of response on the edge-deployed ISSAI avatar con-
figuration. 

Each component value in Table 4 is a rounded 
mean, while each reported «Total» is computed 
from the raw per-query sums. Small differences of 
at most 0.11 s between a row’s listed components 
and the value reported in “Total” might come from 
the applied rounding. The “Total” values reported 
in Table 4 are measured directly with an end-to-
end timer (input to final output), not by adding the 
STT, LLM, and TTS means. Because the end-to-
end timer and the per-stage timers measure latency 
in slightly different ways, the reported “Total” can 
differ slightly from the sum of the three stages. 
On the edge, this is mainly because model-loading 
overhead is included in each stage’s timer but in-
curred only once across the full pipeline; on the 
cloud, where services stay warm, the difference is 
negligible. Table A in the supplementary material 
shows the average component and query category 
latency comparison, that is an extended version of 
Table 4.

GPU and VRAM Utilization. Performance 
evaluation on a consumer laptop with GPU (ASUS 
ROG Zephyrus G16) reveals that AI inference is the 
primary driver of resource consumption, while 3D 
avatar rendering incurs minimal overhead. Among 
the AI components, the LLM is the largest contribu-
tor to VRAM footprint at 9.07 GB during FP16 in-
ference, with the KV cache for conversation history 
accounting for an additional 1.09 GB. VRAM val-
ues denote peak usage during FP16 inference. The 
9.07 GB for language model inference comprises 
the FP16 model weights (about 8.6 GB) plus acti-
vation buffers; the KV cache and runtime for con-
versation history is listed separately (1.09 GB). As 
shown in Table 5, the Ready Player Me avatar main-
tains a stable 60 FPS while consuming only 17.0% 
GPU and <0.10 GB VRAM, leaving the vast major-
ity of compute and memory resources available for 
the AI models. TTS engine records the highest peak 
GPU load at 79.4%, this represents a short-term pro-
cessing spike during synthesis rather than sustained 
utilization.
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Table 4. Average component latency comparison across 32 queries for 3 languages (Mean ± STD)

Language
STT LLM TTS Total

Edge Cloud Edge Cloud Edge Cloud Edge Cloud

KZ 0.67±0.09 0.39±0.04 1.38±1.35 3.02±1.98 0.61±0.10 1.11±0.29 2.63±1.48 4.51±2.31

RU 0.60±0.07 0.35±0.03 1.08±0.93 2.66±1.00 0.59±0.08 1.02±0.10 2.23±1.04 4.03±1.12

EN 0.61±0.09 0.41±0.09 0.78±0.76 2.55±1.38 0.61±0.10 1.05±0.18 2.00±0.93 4.00±1.65

All 0.63±0.09 0.38±0.05 1.08±1.01 2.74±1.46 0.60±0.09 1.06±0.19 2.28±1.15 4.18±1.70

Table 5. GPU and VRAM utilization

Component GPU Utilization (%) VRAM Usage (GB)
Avatar Rendering 17.0±2.50 <0.10

ASR (Speech-to-Text) 46.1±35.1 1.22
TTS (Text-to-Speech) 79.4±5.23 1.83

Language Model Inference 74.3±24.7 9.07
KV Cache & Runtime - 1.09

5. Discussion

Modern avatar systems use different deployment 
configurations that could further affect their accessi-
bility, performance, and usability across various ap-
plications. In this work, we developed and evaluated 
two practical ISSAI avatar approaches: cloud-based 
avatar configuration and edge-deployed avatar con-
figuration. The cloud-based avatar configuration of-
fers several distinct advantages. It imposes minimal 
computational requirements on client devices, en-
ables access to significantly larger language models 
than those feasible for the edge-deployed configura-
tions, and simplifies system maintenance. However, 
cloud-based ISSAI avatar configuration has inher-
ent network latency in the interaction pipeline. Data 
transmission processes increase response latency of 
the cloud-based avatar configuration. Furthermore, 
cloud-based configuration requires a stable inter-
net connection, recurring API costs that scale with 
the usage, and raises concerns regarding user data 
privacy. On the other hand, the edge-deployed IS-
SAI avatar configuration runs all computational 
components directly on the user device, resulting 
in reduced response latency. Furthermore, edge-de-
ployed ISSAI avatar configuration supports offline 
interaction with the avatar. All user interactions, 
including speech audio and conversation history, 
remain entirely on-device, addressing data privacy 

concerns. From an economic perspective, the edge-
deployed ISSAI avatar configuration requires one-
time hardware investment, reducing recurring API 
expenses.

Proposed edge-deployed ISSAI avatar configu-
ration has reduced end-to-end response time (2.28 s) 
to 45.5% in comparison to cloud-based ISSAI ava-
tar configuration (4.18 s). The 60.6% reduction in 
LLM inference latency (1.08 s vs. 2.74 s) represents 
the most substantial performance gain. The total re-
sponse time of 2.28s of edge-deployed ISSAI avatar 
configuration shows that using a 3D rendering plat-
form for 3D-stylized avatar (Ready Player Me) with 
optimized SLMs (Qolda 4.3 billion parameters) can 
offer an optimal balance between visual fidelity and 
conversational responsiveness.

By compressing Qolda’s memory footprint from 
8.6 GB (FP16 GGUF) to 4.58 GB (INT8 GGUF), 
the edge-deployed configuration of ISSAI avatar 
can run on a consumer laptop with 8 GB GPU (e.g., 
NVIDIA RTX 4060 or 3060). In this study we used 
16 GB GPU (i.e NVIDIA RTX 4090) and original 
Qolda in FP16 GGUF format. Our analysis shows 
that 3D-stylized avatar rendering consumes around 
17.0 ± 2.5% of GPU resources, leaving 83.0 ± 2.5% 
dedicated to concurrent AI model inference. For 
standard text-based interactions, we deployed Qol-
da with Llama.cpp. This allowed all pipeline com-
ponents (Whisper ASR, Qolda LLM, and Matcha 
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TTS) to run on the edge device reducing memory 
footprint and improving real-time performance of 
edge-deployed configuration of ISSAI avatar.

5.1. Limitations
Our study explored two practical configurations 

for the ISSAI avatar (i.e., cloud-based configuration 
and edge-deployed configuration). It has several 
limitations:

- Hardware requirements. The edge-deployed 
ISSAI avatar configuration requires dedicated hard-
ware to support the operation of the edge-deployed 
language model, speech processing tools, and the 
visual part of the avatar system. Specifically, a GPU 
equivalent to the NVIDIA RTX 4090 Mobile or, at 
a minimum, a card with 16 GB VRAM is needed 
to run the original Qolda in FP16 GGUF format, 
satisfying the full FP16 requirement. For running 
the system with quantized Qolda satisfying the 
quantized INT8 requirement, a GPU equivalent to 
NVIDIA RTX 4060 or 3060, or at a minimum, a 
card with 8 GB VRAM, is needed.

- Model size trade-offs. While ISSAI’s Qolda 
with 4.3 billion parameters achieves 71.64% accu-
racy on Kazakh text benchmarks, it has constraints 
on supporting broader knowledge and has limited 
reasoning capabilities compared to cloud-hosted 
models.

- Visual realism. The current system employs a 
stylized 3D avatar system rather than a more photo-
realistic representation. The effects of avatar visual 
representation on user experience should be further 
explored through user studies.

- Query dataset scope. Our evaluation involved 
96 queries in three languages (Kazakh, Russian, and 
English), covering topics that addressed conversa-
tional, factual, and reasoning tasks for the avatar. 
The query dataset should be expanded for more gen-
eralizable results.

- User study design limitations. The per-
formed user study involved 7 participants (i.e., 7 
participants tested the edge-deployed ISSAI avatar 
configuration and 1 participant tested the cloud-
based ISSAI avatar configuration under the same 
conditions). Because the cloud-based ISSAI avatar 
configuration response time is almost twice that 
of the edge-deployed configuration, the cloud sys-
tem was not offered to all 7 participants and was 
tested by only 1 participant. System response times 
and latencies significantly affect the perception of 
such conversational systems and can impact hu-
man cognition. Therefore, the decision was made 
to test the cloud-based avatar configuration only 

once. On the other hand, when the edge-deployed 
avatar configuration was evaluated by 7 participants 
and the cloud-based avatar configuration by only 1 
participant, the comparison could be underpowered 
and potentially confounded. Ideally, the evaluation 
procedure should have been repeated under paired 
conditions, including the same queries, the same 
speaker set, repeated runs, the same prompt settings, 
the same output-length constraints, and have paired 
statistical comparisons. 

- Limited participants pool. In the performed 
user study, the pool of participants was limited to 7 
participants, which creates a small sample size for 
the evaluation results. Participants are all residents 
of NU (i.e., researchers and students). This means a 
small set of people evaluated the avatar system, and, 
for more generalizable outcomes, the user study 
should involve people from different backgrounds 
and occupations. Language-proficiency variation 
should also be considered during the evaluation of 
the conversational systems involving speech pro-
cessing technologies.

- Other limitations. The study has cloud bench-
mark limitations, as well as language model mis-
match between cloud-based and edge-deployed 
ISSAI avatar configurations. The study involved a 
controlled noise environment in which system eval-
uations were conducted under laboratory conditions 
with limited background noise.

5.2. Directions for Future Research
There are several directions for future research 

of AI-enhanced avatar systems:
- Functional specialization. Future research 

can adapt AI avatars for specific roles (e.g., tech-
nical support or language learning) by fine-tuning 
SLMs on domain-specific corpora. User studies 
involving human participants could be designed to 
measure usability and performance of such systems 
in real-world scenarios.

- Multimodality and language support. Inte-
grating computer vision tools would enable avatars 
to interpret gestures and facial expressions for richer 
interactions. Language support can be extended to 
other languages to further promote multilingual in-
teraction with AI-enhanced avatar systems.

- Language mode optimization. Future work 
can also explore model compression techniques 
beyond INT8 quantization, such as pruning, knowl-
edge distillation, and 4-bit quantization. Such opti-
mization could lower hardware barriers enough for 
mobile device deployment of AI-enhanced interac-
tive systems.
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- Latency reduction. Future research works can 
also investigate the trade-off between response qual-
ity and the latency introduced by chain-of-thought 
reasoning when the thinking parameter is enabled 
in language models. Such investigations could drive 
the development of dynamic systems capable of 
adjusting their inference strategies based on query 
complexity.

6. Conclusions

In this paper, we presented and evaluated two 
ISSAI avatar system configurations using dif-
ferent models, runtimes, and server conditions: 
1)  cloud-based avatar configuration and 2)  edge-
deployed avatar configuration. Our evaluation 
involved an experimental task in which the par-
ticipants in the user study asked 96 queries to the 
system in three languages (32 queries for each 
language). The results show that the end-to-end 
response latency (2.28 s) of the edge-deployed 
avatar configuration is 45.5% lower than that of 
the cloud-based avatar configuration (4.18 s). 
This improvement was consistent across all tested 
languages, with total latency reductions of 41.7% 
in Kazakh (2.63 s vs. 4.51 s), 44.7% in Russian 
(2.23 s vs. 4.03 s), and 50.0% in English (2.00 
s vs. 4.00 s). These gains were driven by 60.6% 
faster language model inference and 43.4% faster 
TTS, even though cloud-based configuration’s 
automatic speech recognition performance was 
39.7% faster than the edge-deployed configura-
tion’s speech-to-text performance.

For the edge-deployed avatar configuration, we 
used ISSAI’s Qolda in FP16 GGUF format taking 
8.6 GB of VRAM (16 GB) and deployed it in Lla-
ma.cpp. This enabled the simultaneous execution of 
three AI models, including Qolda, Whisper Turbo, 
and Matcha-TTS, alongside 3D stylized avatar ren-
dering on the consumer laptop with a single GPU. 
Because the avatar rendering consumed 17 ± 2.5% 

of GPU resources at a stable 60 FPS, 83 ± 2.5% of 
computational capacity remained fully available for 
AI inference. In our work, we showed that edge-
deployed configurations of multilingual avatar sys-
tems are both technically feasible and have practi-
cal advantages. The combination of small language 
models, quantization techniques, and efficient 3D 
rendering creates an opportunity to build avatar sys-
tems that support real-time offline interactions. The 
implementation procedure, set of questions used in 
user study, and a demo video with a human asking 
queries from an edge-deployed ISSAI avatar are 
publicly available at the project’s GitHub reposi-
tory https://github.com/IS2AI/multilingual_genera-
tive_AI_avatar.
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Table A. Average component and query category latency comparison (Mean ± STD).

Category & Language
STT LLM TTS Total

Edge Cloud Edge Cloud Edge Cloud Edge Cloud

Conversational
KZ 0.67±0.09 0.37±0.05 2.18±1.87 3.48±2.64 0.62±0.12 1.06±0.20 3.49±2.07 4.92±2.88
RU 0.58±0.06 0.33±0.03 2.37±1.84 2.10±0.61 0.62±0.14 1.00±0.05 3.46±1.93 3.42±0.68
EN 0.60±0.10 0.37±0.09 1.70±1.85 2.72±1.51 0.65±0.15 1.02±0.10 2.94±2.09 4.10±1.69

Logic & 
Mathematics

KZ 0.68±0.08 0.42±0.06 0.43±0.32 3.15±2.59 0.57±0.06 1.31±0.59 1.65±0.40 4.88±3.23
RU 0.66±0.10 0.36±0.04 0.47±0.62 2.15±0.74 0.57±0.06 1.01±0.04 1.64±0.72 3.52±0.80
EN 0.64±0.10 0.43±0.09 0.45±0.61 2.16±1.43 0.57±0.07 1.00±0.09 1.65±0.76 3.58±1.61

Factual Knowledge
KZ 0.66±0.10 0.40±0.04 1.01±0.98 2.08±0.76 0.59±0.06 1.05±0.26 2.22±1.11 3.53±1.06
RU 0.60±0.08 0.34±0.01 0.57±0.43 3.37±1.48 0.57±0.06 1.09±0.25 1.70±0.51 4.80±1.72
EN 0.63±0.08 0.44±0.08 0.34±0.09 2.83±1.42 0.59±0.05 1.20±0.47 1.56±0.17 4.48±1.97

Practical Tasks
KZ 0.66±0.10 0.36±0.03 1.89±2.22 3.35±1.94 0.65±0.16 1.01±0.12 3.14±2.34 4.72±2.09
RU 0.58±0.05 0.36±0.04 0.92±0.84 3.02±1.18 0.60±0.07 0.98±0.05 2.11±0.98 4.37±1.27
EN 0.59±0.09 0.42±0.09 0.62±0.51 2.47±1.17 0.64±0.12 0.97±0.08 1.86±0.70 3.86±1.35

Overall

KZ 0.67±0.09 0.39±0.04 1.38±1.35 3.02±1.98 0.61±0.10 1.11±0.29 2.63±1.48 4.51±2.31
RU 0.60±0.07 0.35±0.03 1.08±0.93 2.66±1.00 0.59±0.08 1.02±0.10 2.23±1.04 4.03±1.12
EN 0.61±0.09 0.41±0.09 0.78±0.76 2.55±1.38 0.61±0.10 1.05±0.18 2.00±0.93 4.00±1.65
- 0.63±0.09 0.38±0.05 1.08±1.01 2.74±1.46 0.60±0.09 1.06±0.19 2.28±1.15 4.18±1.70


