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Abstract

Building an intelligent and efficient medical assis-
tant is still a challenging Al problem. The ma-
jor limitation comes from the data modality scarce-
ness, which reduces comprehensive patient percep-
tion. This demo paper presents GigaPevt, the first
multimodal medical assistant that combines the di-
alog capabilities of large language models with spe-
cialized medical models. Such an approach shows
immediate advantages in dialog quality and metric
performance, with a 1.18% accuracy improvement
in the question-answering task.

1 Introduction

The availability of high-quality healthcare remains a signifi-
cant social problem due to high-cost issues, shortage of med-
ical staff, or inaccessibility in far-end regions. From a tech-
nological point of view, one possible solution lies in devel-
oping intelligent medical assistants. There are many attempts
to build such an assistant in the form of a symptom checker
application (Ada Health, K Health, Symptomate, Babylon
Health) [Wallace et al., 2022]. The major limitation of such
systems is using the only text modality, where patients de-
scribe the symptoms and get answers in the chat. The sys-
tem misses a significant part of the non-verbal doctor-patient
communication context in that case. Another flaw of such
Al assistants is the design in a survey systems paradigm with
predefined questions that miss the human touch in the com-
munication process.

However, the rapid development of large language models
(LLMs) opens new ways to create next-generation assistants
in healthcare. In this paper, we introduce and demonstrate'
an innovative multimodal medical assistant called GigaPevt
(Figure 1).> GigaPevt combines specialized medical mod-
els with the rich dialog capabilities of LLM, which account
for broad context in visual, audio, and text modalities. That

"https://youtu.be/73fkCQeEqaQ

>The GigaPevt name is a wordplay in many facets. First, the
GP stands for General Practitioner. Second, in Russian, the word
consonant to a therapist with the smaller metric prefix Giga- instead
of Tera-. Third, it references the core Russian LLM GigaChat.

8614

sic parameters

Interaction tij

Start diagnostics

Figure 1: GigaPevt UI (English version for the demonstration)

allows us to mitigate the problems mentioned above, signifi-
cantly improves patient interaction experience, and boosts the
quality of dialog.

2 GigaPevt Architecture

Given the assortment of potential deployment scenarios,
we implemented GigaPevt as a client-server application, as
shown in Figure 2. We implement a rich client written in
Python to run lightweight models that require low latency for
a comfortable user experience. Also, we use API services
for face detection, Automatic Speech Recognition (ASR)
for communication and Text-to-Speech (TTS) for providing
voiceover for text responses’. Client logic handles data flow,
client state management, and network interactions with the
rest of the system.

We use Flask as a back-end framework that handles the
server side. The server has a model manager, specialized
models, and the GP Dialog Logic component responsible for
the patient-assistant interaction.

3 Specialized Models

3.1 Video-Based Facial Analytics

We analyze facial videos in a frame-wise way to identify a
user and predict the attributes list. The facial region is de-
tected using the MediaPipe library [Lugaresi er al., 2019],

3https://developers.sber.ru/docs/ru/salutespeech/
category-overview


https://youtu.be/73fkCQeEqaQ
https://developers.sber.ru/docs/ru/salutespeech/category-overview
https://developers.sber.ru/docs/ru/salutespeech/category-overview

Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)
Demonstrations Track

[7] - control components | - input/output rGigaChat\
[7] - specialized models (] - external APIs (_ LLMAPI
rd i Client 7\\ 7 Server R $
e . Face N {hiaf 4==) GP DialogLogic | |
detector s
- Specialized models
Monitor .
— Client — rPPG
= -

Emotions

Speakers <—,ﬁ% logic m'\::adelr L
5 <~ Demographics |

= = ] ,‘ | ,
Microp Cli2 | L — User identification

| SaluteSpeech ASR/TTS API | N oete.. S

Figure 2: GigaPevt architecture

and the obtained facial image is fed into the corresponding
neural network.

User Identification

We apply open-source face recognition model to identify, au-
thorize, and manage the user session. The facial image is
resized to 224x224 and fed into the fast OFAMobileNetV3
model [Makarov et al., 2023] to extract facial descriptors.
The latter model was pre-trained on the part of the VGGFace?2
dataset [Cao et al., 2018]. The training dataset contains fea-
ture vectors of known subjects obtained by the same proce-
dure given their facial photos. Extracted facial embeddings
are normalized using Lo norm and matched with a training
dataset by the k-NN with the Euclidean distance. In the exper-
imental study, we gathered a testing dataset with 426 photos
of 104 persons. As a result, the recognition accuracy equals
98.19%.

Socio-Demographic Model

We used a high-performance MobileNet-V1 model to predict
age, gender, and ethnicity [Savchenko, 2021]. It was pre-
trained to recognize faces from the VGGFace2 dataset [Cao
et al., 2018]. Unfortunately, the age groups in this dataset are
very imbalanced, so the trained models work incorrectly for
the faces of very young or old people. Hence, we decided
to add all (15K) images from the Adience dataset [Eidinger
et al., 2014]. As the latter contains only age intervals, e.g.,
(60-100), we put all images from this interval to the average
age, i.e., 80. The ethnicity classifier was trained on the subset
of the UTKFace dataset [Zhang et al., 2017] with different
class weights to achieve better performance for imbalanced
classes. As a result, we obtained gender classification accu-
racy (93.79%), which is 2.7% greater than the best-known ac-
curacy of a much larger VGG-16 neural network in the DEX
method [Rothe et al., 2015]. The age prediction MAE (Mean
Absolute Error) is equal to 5.74 years, which is 0.7 years bet-
ter when compared to the DEX. Finally, the accuracy of eth-
nicity prediction is equal to 87.6%, which is on par with the
best-known models [Savchenko, 2021].

Facial Expression Recognition

The EfficientNet-BO model was used to predict facial emo-
tions [Savchenko, 2022]. In particular, we pre-trained it to
identify faces on the VGGFace2 dataset as in the previous
subsection. Next, we add three heads for predicting eight
basic expressions (Anger, Contempt, Disgust, Fear, Happi-
ness, Neutral, Sadness, and Surprise), valence, and arousal
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using the training part of the AffectNet dataset [Mollahos-
seini et al., 2017]. In contrast to typical face recognition
training, we use highly cropped faces in both training stages
to remove hair, background, etc., and concentrate on facial
expressions only. Thus, we obtained competitive results on
the validation part of the AffectNet dataset. Our accuracy for
eight classes equals 61.93%, 0.5-2% greater than that of mod-
els of similar size and efficiency [Pourmirzaei er al., 2021;
Savchenko, 2021].

Body Mass Index Model

The Body Mass Index (BMI) estimation is addressed as an
image regression problem. The dataset for this task includes
samples (face-BMI value) from Reddit,* a public social web
platform enriched with the FIW-BMI dataset [Jiang et al.,
2019]. The detected faces are resized to 256 x 256 and fed
into the ResNet34 model [He et al., 2016] as a backbone with
MSE as a metric and loss function. On the test set, we get the
MSE equal to 4 units.

rPPG Model

The remote photoplethysmography (rPPG) model allows ex-
tracting a photoplethysmography signal using a video of a
user’s face. Our system used the Plane Orthogonal-to-Skin
(POS) algorithm described in [Wang et al., 2017]. This algo-
rithm is the strong baseline in the field; it adopts signal pro-
cessing techniques on subtle changes of the RGB values in
the time domain. The algorithm runs based on a face land-
mark detection system, as it relies on averaging pixel val-
ues change over face regions of interest (cheeks, nose, and
forehead), which are the most valuable for pulse wave detec-
tion [Wang et al., 2018]. According to [Liu et al., 2024], this
method has high accuracy, robustness, and speed. Calculat-
ing rPPG also allows us to infer several derived parameters of
the state of the cardiovascular system, such as heart rate, RR
intervals (intervals between consecutive heartbeats), stress in-
dex, PNN50, and many others. All these health indicators
allow GigaPevt to determine the user’s condition more accu-
rately and comprehensively, improving the patient interaction
experience.

3.2 GP Dialog Logic

To manage and control the dialog, we used GigaChat Pro
model®. As the assistant continuously receives a stream of ad-
ditional parameters from sensors, we can substantially enrich
the prompts. Even the simple inclusion of such augmented
parameters in a text prompt is helpful. But our ultimate goal
is to obtain controllable, high-quality dialog focused on the
anamnesis collection. To achieve this goal, we resorted to the
Retrieval-Augmented Generation (RAG) technique [Lewis et
al., 2020] as it can help supplement the user’s request with
the found relevant information and the Chain of Thoughts
(CoT) [Wei er al., 2022] as it was successfully used in chal-
lenging NLP scenarios [Li et al., 2023]. We started to as-
semble a database of medical dialogues and questions. These
improvements substantially boost the quality of answers and
performance in downstream health-related tasks.

“https://www.reddit.com/r/progresspics
Shttps://developers.sber.ru/portal/products/gigachat
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Question  GigaChat answer LLaMA answer GigaPevt answer
Is my To determine a comfortable heart The normal heart rate for an adult No, your heart rate is currently
heart rate when exercising, you need is between 60 and 100 beats per not comfortable for exercise. Your
rate to consider your age and level of minute. If your heart rate is within  heart rate is 115 beats per minute,
com- physical fitness. Generally, for this range, has a regular rhythm, which is higher than normal. For
fortable  people aged 20 to 59 years, exer- and you do not feel discomfort comfortable physical exercise, it
for exer- cising at a heart rate between 50%  during exercise, it may be com- is recommended to have a heart
cise? and 85% of your maximum heart fortable for you. However, consult rate ranging from 60 to 100 beats
rate is recommended. your doctor for testing and advice per minute. I suggest you consult
if you have any doubts. a doctor to determine the optimal
level of physical activity for you.
What To determine if you are obese, As an artificial intelligence model, Based on your body mass index,
do you youneed toknow your weight and I cannot determine your weight or ~ which is within the normal range,
think? height. Obesity is defined as ex- estimate your body. However, if you are not obese. However, if
Am I cess accumulation of fat, which you suspect you are obese, it is you have other signs or symp-
obese? can lead to various diseases and best to see your doctor to deter- toms, such as fainting, dizziness,
poor quality of life. mine your body mass index (BMI) or shortness of breath, it is recom-
and get advice. The most impor- mended that you consult your doc-
tant thing is not to put off visiting  tor.
your doctor if you have concerns
about your health.
Table 1: Examples of answers to health-related questions (translated from Russian)
Model RuMedDaNet RuMedNLI LLaMA [Touvron et al., 2023] and GigaPevt. GigaChat and
- LLaMA answers are the base model answers in a zero-shot
GigaPevt 93.36 7L59 mode without additional information. GigaPevt answers is
Hpman 92.97 85.67 the model with visual input, RAG, and CoT for enriching our
gﬁiig}l;?—l 5 gg 52 gigé prompts. Tuned prompts have the following form: constitu-

Table 2: LLMs performance metrics (Accuracy, %). The best results
are shown in bold.

4 Experiments

For a diverse assessment of the GigaPevt assistant, we evalu-
ate it from quantitative and qualitative sides.

4.1 Performance Evaluation

We evaluate the proposed assistant on the two most rele-
vant downstream tasks from the RuMedBench [Blinov et al.,
2022]. The RuMedDaNet is a binary question-answering task
with 512 test medical-related questions in Russian. As shown
in Table 2, the GigaPevt model with the RAG technique sub-
stantially outperforms GigaChat and Human assessment by
1.18% and 0.39%, respectively. It is the most indicative task
for assessing the increase in the quality of dialogue because
it is close to our assistant’s target scenario.

The RuMedNLI is a task of natural language inference with
1536 Russian text pairs to decide whether the second text in
a pair is entailment, contradiction, or neutral to the first. For
this task, the performance gain is positive but relatively mod-
erate (0.38%).

4.2 Dialog Showcases

Table 1 lists several examples to assess the qualitative
gap in the answers between the GigaChat model, open
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tion (description of how the model should behave and its role)
+ visual information about a person (pulse, body mass index,
etc.) + postfix (recommendations for model).

We can see that the model with prompt tuning, RAG, vi-
sual information from the camera, etc., allows us to answer
questions that require a visual inspection immediately. Due
to generally more awareness about the patient, our assistant
gives more specific and concrete answers.

5 Conclusion and Future Work

This demo aims to inspire multimodality research in the med-
ical domain. We demonstrate the prototype of medical assis-
tant technology, which processes a rich multimodal context.
Several experiments confirm assistant effectiveness.

We plan to use more advanced knowledge management
techniques for LLMs, such as Advanced and Modular
RAG [Gao er al., 2023], to make our model more complete
and focused on the medical domain. In addition to work-
ing with prompt enrichment, our strategy includes incorporat-
ing direct engagement with visual modality, such as utilizing
images to summarize patient complaints that may be chal-
lenging to discern solely through textual descriptions. Also,
our plan includes closer integration with a patient electronic
health record for better context awareness and the ability to
target more specific questions. Finally, it is crucial to perform
voice analysis to recognize emotions, sensitively understand
a patient, promptly manage the dialog, etc.
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