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Motivation

GigaDoc: Sber’s Multimodal medical assistant

Orser: Ha OCHOBaHMK NPEAOCTABNEHHBIX
AaHHBIX, BaW NYNLC HAXOAMTCA B NPeaenax
HOPMB ANS B3POCNOro Yenoseka, OaHaxo,
pUCK MHGAIPKTa MOXET ObITh CBA3AH HE TONLKO
€ YacTOTOM NYNbCA, HO U C APYTUMMK
GAKTOPAMH, TAKMMH KAK YPOBEHDL CTPECCa,
MHAEKC MacCol Tena v OGUJC(_' COCTORMME
300pPOBLA. ECnM ¥ BAC €CTL Kaxkue-nubo
ONACEHUA WK CUMNTOMB, CBA3ANMDIE C
CepaueM, pexoMexayerca obpaTUTLCA K Bpavy
Aans Gonee getanoHoro oBCnenoBaHuA K
KOHCYNbTaUMK,

MCXOAA M3 MOETN0 NYNLCa, eCTh NU Y MEeHA
PUCK MHAPKTA?

MCXOAR M3 BaWero YpoBHA CTpecca, A bu
pexkoMeHaoBan saM uzﬁerarb MHTEHCHBHLIX
OUINNECKMX HArPY30K ¥ 33HATHI CNOPTOM,
KOTOPHE MOryT BH3BaTh AONONHUTENDHLIA
crpecc. BMecro aroro, nonpobynre
3aHUMaATLCA Bonee CNOKOMMBIMKM BUAAMMK
SKTHUBHOCTH, TAKMMM KaK HOra, NUNATEC UNK
nnasaxue. OHK NOMOTYT BaM Paccnaburecs u
CHU3NTL YPOBEHDL CTPECCa, Takxe He
3a6wBaiTe O QOCTATONHOM OTAbIXE W
c6anaHCUpPOBAHHOM NUTAHUM,

ECTb NK KaKHe-TO OrpaHnYeHuA No CNOPTy
MCXOAN U3 MOE YPOBHA CTpecca?

AKTHBUPOBAH pexum Gigapevt

Npueer! 8 — GigaChat, reneparusnHan
R3NKOBAR MoRens. MOA 3anava — OTBEYaTL Ha
BONPOCH NONbIOBATENEH, BECTH AHANOT U
NOMOraTh B PeWEeHHH Pa3NMYHBIX 33034, A
YMEK UCKaTL UHOOPMAUMID, NUCATD TEKCTH
pasHuix GOPMaTOs, CO3AABATL HIOOPAXEHHA U
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Overview

Telemedicine is reshaping access to healthcare, enabling remote diagnostics through dialogue and
iImages. Recent advances in large vision-language models (LVLMs) make them promising candidates
for virtual medical assistants. However, most existing benchmarks for medical LVLMs are limited:

P 4 They focus on static QA or multiple-choice tasks ¢ Lack multi-turn, interactive dialogue

& Ignore patient personality and behavioral

o P4 Rarely include visual clinical inputs
variation

We introduce 3MDBench — Medical Multimodal Multi-agent Dialogue Benchmark that:
® Simulates doctor-patient dialogue consultations with image modality;

Introduces Patient Agent with different temperament-dictated behaviours;

Evaluates diagnostic and communication quality via Assessor Agent;

Benchmarks different LVLMs as Doctor Agents across multiple strategies;

Promotes scalable, multimodal medical Al grounded in real-world interaction.



Comparison with existing benchmarks

1 TD1 N M S D A P €O F L
DS D MedDialog-EN (Zeng et al., 2020) T 300K + - - - - EN
DS D MedDialog-CN (Zeng et al., 2020) T 110K + - - - CN
DS D MedDG (Liu et al., 2022) T 18K + - - - - CN
DS D CMtMedQA (Yang et al., 2023) i i 70K + - - - - CN
DS D Iclinig- 10K (Li et al., 2023b) f ¥ 10K + - - - - EN
DS D/QA BianQueCorpus (Chen et al., 2023) T 2437K + - - - - CH
DS D/QA HealthCareMagic-100k (Lietal.,2023¢c) T 100K + - - - - EN
DS D/QA Psych8k (Yuan et al., 2025) g 8K + - - - - EN
DS D IMCS-21 (Chen et al., 2022) y & 811 + + - - - CN
DS D NoteChat (Wang et al., 2024a) i & 30K + + - - EN
DS D MTMedDialog (Feng et al., 2025) T 10IK + + - - EN
BM QA Cholec80-VQA (Twinanda et al., 2016) M 9K - - - - - EN
BM QA VQA-RAD (Lau et al., 2018) M 35K - - - - - EN
BM QA PathVQA (He et al., 2020) M 6K - - - - - EN
BM QA SLAKE (Liu et al., 2021) M 2K - - - - - EN
BM QA RadBench (Al 2024) M 137K - - - - - EN
BM QA MMMU (H & M) (Yue et al., 2024) M 115K - - - - - EN
BM QA OmniMedVQA (Hu et al., 2024) M 128K - - - - - EN
BM QA GMAI-MMBench (Chen et al., 2024) M 26K - - - EN
BM QA Medical-Diff-VQA (Hu et al., 2025) M 70K - - - EN
BM D MediQ (Li et al., 2024c¢) j & 12K + + - - - EN
BM D AgentClinic (Schmidgall et al., 2024) M 457 + + - - - EN
BM D MedAgentSim (Almansoori et al., 2025) M 637 + + - - - EN
BM D Al Hospital (Fan et al., 2024) M 506 + + + + - CN
BM D Dr.APP (Zhu and Wu, 2025) T I5K + + + + - EN
BM D 3MDBench (Ours) M 3K + + + + + EN

T (Type): Dataset (DS) [/
Benchmark (BM)

*TDT (Text Data Type): Question-
Answer pairs (QA) / Dialogues (D)
*N (Name) of Dataset/Benchmark
‘M (Modality): Text-only (T) /
Multimodal (M)

S (Size) of test part of a
Benchmark or full size of a Dataset
D (Dialogues present)

*A (multi-Agent approach used)

P (Personality modeling used)
*CQ (Consultation and
communication qualities tested)
F (Full-fledged consultation
simulated until both agents naturally
conclude the dialogue)

L (Language) of data



Data collection

1. Forming diagnosis list

| > 611K real telemedicine consultations.

| 180Mm outpatient records for the
distribution validation.

D 34 diseases across five domains.

3. Generating complaints

Generated via GPT-40-mini.

One general complaint per disease.

| List of structured symptoms per image:
duration, intensity, history.

5
2. Obtaining images

] 2996 clinical images (ISIC, Kaggle,
etc.) for the test part.

| 264 images/class for balance.

D Filtered via automation + manual review.

4. Ensuring multimodality

t/ Each case = image + general + structured
symptoms.

t/ We also obtained private train and validation
parts.




Distribution of classes

Eczema

Hives

Tonsillitis

Nlﬁ'glt contact dermatitis
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Agents’ interaction pipeline

Dialogue

Complaint image P
Basic complaint BC,.

Additional complaints AC}.
Temperament T’

Assessor Agent |

Dialogue D{ ks
containing D;.

Ground truth diagnosis D,
Complaint image P,

4

[ Diagnostic & dialogue metrics ]




Dialogue example

s Hey doc! So, I've been having this crazy
dry skin issue. It's been driving me nuts!

| see that you're experiencing dry skin with
some reddish bumps [...]. Can you tell me Q
if you've noticed any itching or irritation...

&3 Oh, yeah! The itching is like, super intense!
It's especially bad at night [...]
[...] it sounds like you may be experiencing Q
eczema. To help manage this, | recommend [...]

+ [...] So, is there anything else | should be doing
to take care of my skin? Any other tips or tricks?

Absolutely! Here are some additional tips for Q
taking care of your skin with eczema |[...]

+ Wow, thank you for all the tips! [...] | feel like | have a
better understanding of how to manage my eczema now.

Diagnostic quality Consultation & communication quality
. Medical Interviewing Skills: {1.1:1,1.2: 1, 1.3: 1}
D, =eczema - Humanistic Care: {2.1: 1, 2.2: 1}

. Diagnostic and Treatment Abilities: {3.1: 1, 3.2: 1}

D), = eczema * Overall Clinical Competence: {4.1: excellent)

*The dialogue DI, begins with the Patient Agent of
sanguine temperament T,, whose first reply contains the
complaint image P, and the basic complaint BC,
highlighted in blue

 An additional complaint from the list AC, appears later in
orange, and the final diagnosis D, - identified and
validated by the Assessor Agent - is shown in green.

*The Assessor Agent, based on DI, and D,, further
provides a structured evaluation of diagnostic
performance as well as consultation and communication
guality.

Predicted
diagnosis

Diagnostic F1

eczema

1.0



Agent design

Assessor Agent

Llama-3-8B

e Complains, reports symptoms,

asks questions

e Expects to discover its

diagnosis and recommendations

on what to do

e Selected based on:
olnstruction following (0-5
LLM judge score)
oAnswer relevance (0-5
LLM judge score for each
answer)
oFactuality (embedding
closeness to the actual
symptoms) for each answer

Patient Agent

Qwen2-VL-72B-Instruct

e Evaluates clinical competence

using the adapted Mini-CEX

scalell]
oMedical interviewing skills
oHumanistic care
oTreatment abilities

e Extracts the final diagnosis to

assess the diagnostic accuracy

e Selected based on:
oAlignment with human
assessments for clinical
competence via Cohen’s k
oF1-score for the
diagnostics

Doctor Agent

e Open-source and proprietary
models with multiple
strategies

e Has a goal of determining the
diagnosis and providing
recommendations on treatment
and further diagnostics

e Receives the basic complaint
and the image as the first
message

e Should conduct the diagnostic
dialogue: ask clarifying questions
regarding symptoms

e After diagnostics, it should
answer the patient’s questions

[1] Shi, Xiaoming et al. “LLM-Mini-CEX: Automatic Evaluation of Large Language Model for Diagnostic

Conversation.” ArXiv abs/2308.07635 (2023)



Patient Agent 0

Temperament
Choleric Sanguine Melancholic Phlegmatic
Never had such a :
_ | have a terrible
headache: feels What can | take to headache. .. Am | | have a
like | have a very cure a headache? dying? headache.
tight headband! '
N N N
Neutral : Sanguine \ Phlegmatic | Melancholic | Choleric
:.----------“--------‘--------------l : . 2 : 2 : 3 : I hadnfo( : 2
: Lbﬁtw I have 5 headache) + Possible Answers 'slt:g:okv{rz;j :ntd : ggy:aer;pamed g:dm%? Tk u:r;e days... |3 L:;? f:x"?hv;_
- ' skipped ' | yesterday? ‘| evenneedto || Could it be | just tet me
- ‘ When did it start? ) : breakfast. ' | Haha, classic || do anything? || Something | what to take
‘ Q ' ' | me! : ' | serious? .
isesRstEasnadadentasatstansachine | DA ) A o) e )
= = & = O

Model Name Llama-3-8b Llama-3.1-8b Qwen2.5-7B  Qwen2.5-14B  Falcon-7B  GPT-40-mini

Instruction 4.72 4.74 4.71 4.59 4.37 4.38
following

Relevance 0.65 0.59 0.84 0.76 0.90 0.82
Factuality 0.79 0.77 0.67 0.78 0.59 0.98

Mean Rank 3.00 3.67 3.33 3.67 4.33 3.00




: : : 11
Diagnostic evaluation

e Dialogue improves
diagnostic accuracy

© HO\_/vever, F1-score EfficientNetV2-XL  Fine-tuned on the train part 61.0

remains below full-

information levels; GPT 40-mini No dialogue, image + general complaint 50.4 -

° USlng cues from a No dialogue, image + all complaints 66.8 -

pretrained CNN improves

F1l-score to 20%. Dialogue, no image 52.8 15.22

e General-purpose Dialogue + image 54.2 13.32

models outperform Dialogue + image + rationale 56.9 14.99

domain-specialized ones,

likely due to Dialogue + image + rationale + external cues 70.3 14.48

traini.n.g Piase_s toward Llama-3.2-Vision Dialogue + image 41.5 14.49

specific imaging tasks or

structured QA formats. Qwen2-VL Dialogue + image 39.0 15.11
: MedGemma-4B Dialogue + image 37.9 17.48

e The visual channel

shortens and refines the MedGemma-27B Dialogue + image 45.7 16.88

dialogue. _ _
Gemma3-27B Dialogue + image 51.1 14.81



Personality types '

F1 score
e LVLMs handle diverse
stable diagnostic accuracy.
e dialogues with phlegmatic

patle_nts are ghorte_r and GPT, dialogue + image + rationale ----
less informative, slightly - -

GPT, dialogue w/o image

|OW€|’iﬂg competence GPT, dialogue + image + rationale + CNN

Scores. _

e These cases reveal that % Llama-3.2-11B-Vision - 459 44.9 41.9 41.9

while models stay robust, Qwen2-VL-7B - 44.0 44.6 411 42.6

they struggle to -
Compensate fOI’ paSSIVe or MedGemma-4B - 41.3 41.5 41.2 37.4

minimally cooperative

behavior, highlighting the MedGemma-278 - o | “ '

need to evaluate
adaptability in challenging
interactions. Choleric Melancholic Phlegmatic Sanguine

Gemma3-278B - 49.1 52.5 47.7 49.8 - 40

F1 Score



Clinical competence evaluation

Medical 1.1. Enquiry about medical history
Interviewing
Skills 1.2. Enquiry about current symptoms

1.3. Explaining the basis of

conclusions
Humanistic 2.1. Communicating with respect and
Care empathy

2.2. Respecting the individual wishes

Diagnosticand  3.1. Providing accurate diagnostic
Treatment plan
Abilities

3.2. Providing accurate treatment plan

Overall Clinical  4.1. Level of clinical competence:
Competence unsatisfactory, satisfactory, excellent

Models show strong overall clinical competence, with GPT- and MedGemma- based agents excelling in

communication and professionalism.

GPT, dialogue, no image
GPT, dialogue + image

GPT, dialogue + image +
rationale

GPT, dialogue + image +
rationale + external cues

Llama-3.2-Vision
Qwen2-VL
MedGemma-4B
MedGemma-27B

Gemma3-27B
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0.88
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13

1.45
1.61

1.31

1.47

1.45
1.16
1.42
1.67

1.57

Diagnostic and treatment abilities (3.1 and 3.2) demonstrate how domain-specific models are better aligned
for telemedicine than the general-domain ones.
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Conclusion

e 3MDBench — a multi-agent, multimodal benchmark simulating Source code
doctor-patient dialogue with varying temperaments and @53..§.=:§:.§:55§:;=:§
consultation assessment. SR

e It supports multiple models and strategies assessment. Nf

¢ We demonstrate that: E]
o Dialogue and expert visual cues enhance F1-score;
o Domain tuning does not always improve multi-turn diagnostic arxiv

accuracy; . )
o There should be a balance between clinical competence and E] it E]
diagnostic accuracy. R e

lvan Sviridov, Amina Miftakhova, Artemiy Tereshchenko, Galina Zubkova, Pavel Blinov, e i e
Andrey Savchenko, SMDBench: Medical Multimodal Multi-agent Dialogue Benchmark, @:,f;i_ SR
EMNLP25 (main track)
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