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In the rapidly advancing field of Al-driven telehealth services, effective medical communication in India remains a significant
challenge due to the language barrier, as most of the population is not proficient in English. Additionally, many patients
struggle to accurately describe their medical conditions using text alone. As a result, an essential feature of any telehealth
service is the ability to supplement textual queries with medical images, enabling doctors to conduct a more careful analysis
and provide well-informed diagnoses and treatment recommendations. In this work, we introduce IndicMedQA, a novel
multimodal AI framework that integrates Indic large language models (LLMs) and visual encoders to analyze patient inquiries
using both textual and visual cues. To support this, we create a multilingual multimodal medical corpus spanning seven major
Indian languages, translated using a semi-automated approach. This dataset facilitates medical understanding for every input
query and its associated medical image—the output is a detailed patient summary, symptom analysis, probable conditions,
additional findings, and severity assessment with medical precision. Our framework significantly enhances personalized
healthcare experiences, ensuring context-aware multimodal understanding of patient needs in Indic languages. Extensive
experiments demonstrate that IndicMedQA surpasses all baselines, establishing a new benchmark for Indic Al in healthcare.

Disclaimer: This work contains medical images that depict the subject matter of the study, which may be disturbing to
some readers.
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1 Introduction

Artificial intelligence, particularly through advances in frontier models such as large language models (LLMs) and
vision-language models (VLMs), is transforming healthcare by improving diagnosis, treatment planning, patient
engagement, and clinical documentation, making these processes more efficient and effective[11, 17, 19]. In India,
the unequal distribution of doctors across states and healthcare sectors worsens existing medical challenges
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[13]. Additionally, language barriers not only hinder doctor-patient communication but also affect both the
performance and trustworthiness of frontier models[16, 22-24, 42].

Despite growing progress in multilingual and multimodal NLP for Indian languages [27-29, 37] and cross-
domain multimodal reasoning [9, 10], the application of these capabilities to Indian clinical settings remains largely
unexplored. In this situation, extracting important details from multilingual clinical queries helps speed up patient
responses and saves time for healthcare professionals, allowing for faster and more effective communication
between doctors and patients. Moreover, since many patients struggle with medical terminology, accurately
describing their condition becomes challenging, making it difficult for doctors to fully understand and provide the
best possible guidance or medical advice. In this regard, the ability to incorporate medical cues through images
significantly enhances and personalizes the doctor-patient interaction, leading to more effective communication
and better-informed medical decisions[6].

Research Gap: In the evolving Al landscape, Large Language Models (LLMs) and Multimodal LLMs (MLLMs)
are reshaping the field. However, the dominance of English and Chinese in LLMs has led to the underrepresenta-
tion of Indic languages[47], making it difficult to develop models that effectively understand them. Moreover,
most existing closed-source LLMs are difficult to customize and come with high operational costs. These limit the
progress of Indic LLMs, restricting their ability to serve diverse linguistic and cultural needs. To address this,
researchers have developed Indic Language Models specifically trained on Indic languages, such as Airavata
[15] for Hindi and Tamil Llama [4] for Tamil. These models incorporate language-specific tokens, improving
their linguistic adaptability and effectiveness. The medical domain, however, presents unique challenges that
require specialized data, domain expertise, and careful handling of transparency and bias concerns [45]. Recent
advancements have introduced open-source medical LLMs, including Meditron [7], PMC-Llama [57], and Med-
Flamingo [39], which are tailored for healthcare applications: However, their English-centric training limits their
effectiveness in low-resource languages. To bridge this gap, recent works such as Apollo [54] and Multilingual
Medical LLMs [47] have emerged, but they primarily focus on English, Chinese, European languages, and Hindi,
leaving a significant gap in support for other Indic languages. Moreover, these multilingual medical models are
limited to text-based processing, and, to the best of our knowledge, no existing work on Indic medical models
specifically addresses multimodal medical queries incorporating both text and visual inputs.

Motivation: This study aims to address the under-representation of speakers of major Indic languages in the
medical LLM and Multimodal Large Language Model (MLLM) literature. Focusing on Bengali, Gujarati, Tamil,
Marathi, Hindi, Telugu, and Malayalam widely spoken languages across India we strive to expand the scope of
Indic LLMs and MLLMs in the medical domain.! Motivated by the need for more inclusive healthcare solutions,
this paper introduces a novel multimodal, multilingual patient query analyzer, IndicMedQA, integrating Indic
language decoders with vision encoders. The model is trained using a multi-objective loss function to ensure
high-quality generation from both text and image modalities. To train this model, we curate a large-scale dataset,
IndicMed, consisting of 21,105 meticulously annotated and translated medical data points. Each data point
includes a multilingual patient query paired with a corresponding medical image, while the output provides a
condition focused analysis, encompassing patient summaries, symptom assessments, probable conditions, additional
findings, and severity evaluations in English.? The dataset was developed in close collaboration with medical
practitioners to uphold quality and ethical standards throughout its creation.

Contributions: The main contributions of the work can be summarized as follows:

(1) We introduce a novel task of multimodal medical query analysis in the context of seven major Indian
languages. In this task, patients articulate their health concerns using native language text accompanied by visual

!These languages cover a total of 80% of the Indian population.
2Since the model will be utilized by doctors ,so we have kept the output generations in English as for doctors English is the language that
they are comfortable[36]
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Fig. 1. Overview of our semi-automated, iterative pipeline engineered specifically for maintaining the quality of our translation
task. This innovative approach integrates human expertise to refine translations while leveraging automated ChrF++ metrics
to drive decision-making.

cues. This method aims to provide medical condition-focused analysis, enabling doctors to understand patient
cases quickly and effectively.

(2) We assemble a dataset IndicMed for multimodal, multilingual medical query analysis covering Hindi,
Bengali, Gujarati, Marathi, Tamil, Telugu, and Malayalam: Our approach employs a semi-automated iterative
translation pipeline, complemented by human validation to guarantee precise translation of English medical text
into these resource-constrained languages.

(3) We introduce IndicMedQA, a novel framework designed as a lightweight multimodal transformer.
Combining a static image encoder with an Indic LLM, IndicMedQA excels in understanding Indic Languages.
Bridging the modality gap, it employs a Querying Transformer (Q-Former) [33] in a two-stage training process,
beginning with representation learning using the image encoder and then progressing to generative learning
with the Indic LLM.

(4) We conducted thorough human and automated evaluations, supplemented by detailed qualitative
analysis and risk assessments. This examination was crucial to ensure the safety and dependability of the model’s
results, confirming its suitability for its potential decision-support use in real-world healthcare settings with a
high degree of certainty.

2 Related Works

Medical Diagnosis System and Automation : Agent-derived Multi-Specialist Consultation was used by [52]
to simulate the diagnosis process in real-world settings. A hierarchical policy structure for dialogue systems,
designed to effectively handle diagnoses involving a multitude of diseases and symptoms, was proposed by
[34]. To improve medical conversational systems, [50] trained a multi-turn dialogue model using single-turn
question-and-answer pairs from healthcare websites. An online medical forum dataset was compiled by [55], who
also developed a task-oriented dialogue system for automated patient diagnosis, capable of gathering additional
symptoms through conversation. A hierarchical reinforcement learning model incorporating medical knowledge
for disease diagnosis was introduced by [59], enhancing the overall success rate of dialogue-based diagnostic
systems. For a more complete approach, [51] developed the Multi-modal Disease Diagnosis Virtual Assistant
(MDD-VA), an end-to-end system leveraging reinforcement learning. Their work included a Context-aware
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Symptom Image Identification module and the curation of a multi-modal conversational medical dialogue corpus
in English. Complementary efforts in clinical safety have addressed adverse drug event summarization through
frameworks that align language model outputs with human preferences for pharmacovigilance in oncology
[26].More recently, advances in reasoning-capable frontier models have enabled long-horizon clinical automation
[21].

Applications of Multimodality and Multilinguality in Healthcare: Recent strides in medical Al have
focused on multilingual and multimodal applications. Text-based multilingual models like MMedLM2 [48],
BioMistral [30], and MedExpQA[3] have expanded language coverage and benchmarking. In parallel, bilingual
models like BiMediX [45] have emerged for English and Arabic. Multimodal approaches are also advancing.
EHR-KnowGen [41] improves diagnosis generation from health records, while other BERT-based models [38]
enhance medical image-report retrieval and generation. More generalist models like MedViLaM [58] now
interpret diverse data types, including imaging and video, with MedPLIB [25] advancing pixel-level understanding.
Despite this, many multilingual efforts focus on European languages, and prominent vision-language models like
Med-flamingo[39] and LLava-med[32] are English-centric. While BiMediX2 has recently added Arabic-English
multimodal capabilities, a significant gap remains for Indic languages. The closest works for multimodal Indic
languages for healthcare are MedSumm [18] and HealthAlignSumm[20] but both of them targets Hindi-English
codemixed text and no other Indian languages .

3 IndicMed Dataset Construction

For this study, we expanded upon the MMQS dataset introducedin [17], comprising 3015 multimodal medical
queries alongside corresponding annotated summaries. The text is in English, while visual cues are categorized
broadly into Ear, Nose, Throat (ENT), EYE, LIMB, and SKIN. We chose this dataset for its open accessibility and
annotated summaries, which are vital for patient query analysis. The 18 medical symptoms were selected from the
most common ENT-related conditions, focusing on those where patients can easily click and share photos. A few
samples of our dataset are shown in Figure 2. However, one limitation of this dataset is the lack of fine-grained
analysis of multimodal queries. For medical evaluation, doctors require detailed descriptions of visual cues along
with the severity assessment, which are currently missing in this dataset.

3.1 Data Annotation

The data annotation comprises two subtasks: (A) Annotating medical images with their corresponding textual
descriptions and severity assessments and (B) Translation of English patient queries into Indic Languages.

(1) Annotation of Medical Images with their textual descriptions: Through collaboration with medical
professionals, we identified that medical analysis necessitates detailed descriptions of visual cues alongside
patient queries. To address this, we incorporated precise medical terminology for symptoms observed in images,
supplementary medical findings inferred from the visuals, and severity assessments to enhance the depth and
accuracy of the analysis. The guidelines for image annotation provided by the doctor are as follows:

i) Identify Primary Symptom/Sign: Determine the main symptom or sign based on the provided description.

ii) Additional Findings: Note any additional signs or symptoms in the images that are not included under the
primary symptom/sign.

iii) Severity Grading Basis: The severity grading on the primary symptom/sign into one of the three categories
mild, moderate, and severe. For findings with established classification systems (e.g., tonsillitis, edema), follow
those systems for severity grading. For findings without established classification systems (e.g., lip swelling),
grade severity is based on the clinical picture.

(2) Semi-Automated Translation of English Patient Queries into Indic Languages: Initially, we evaluated
ChatGPT [43], NLLB [8], and IndicTrans2 [14] for translation by randomly selecting 40 samples and having
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annotators rate their translations on a five-point scale. Our analysis showed that IndicTrans2 consistently
outperformed the other models in translating the English language to the corresponding Indic language. Based on
these findings, we selected IndicTrans2 as our primary translation model. Next, we translated the English text into
the respective Indic languages and validated translation quality through back-translation into English. To ensure
accuracy, we retained only translations with a chrF++ [46] score above 50.3 chrF++ is a character-level evaluation
metric that has been shown to correlate well with human judgment for morphologically rich and low-resource
languages, including Indic languages[46]. In a pilot analysis conducted with domain experts, translations with
chrF++ scores below 50 frequently exhibited semantic distortions, incomplete medical terminology, or meaning
shifts, whereas samples above this threshold were generally fluent and faithful to the source. Therefore, we
adopted chrF++ > 50 as a conservative filtering criterion to balance translation fidelity and dataset coverage.
For translations scoring below this threshold, we manually reviewed and refined them. After modification,
only samples that achieved a chrF++ score above 50 were included in the final dataset, while lower-scoring
samples underwent further refinement. This semi-automated iterative process required three rounds to achieve
high-quality translations, ensuring the complexity and precision of medical text were effectively preserved. The
full pipeline is illustrated in Figure 1.*

3.2 Annotation and Quality Validation

To guarantee the quality and adherence to ethical guidelines of the annotations, we enlisted the support of four
capable medical interns who were fluent in the Indic languages and supervised by medical experts who are
co-authors of this work. The medical interns are in the third year of their MD program, while the medical expert is
a specialist physician with over ten years of clinical experience. Initially, the medical expert annotated 50 samples,
provided guidance, and conducted sessions to address any queries. The dataset was divided into four segments, with
annotators assessing data quality based on criteria such as fluency, adequacy, informativeness, and persuasiveness.
Following each validation iteration, annotators collaboratively reviewed and discussed inaccuracies in each
other’s annotations. This manual review was critical for correcting translation errors, specifically targeting
terminology mismatches, the loss of clinical nuance in symptom descriptions, and grammatical inaccuracies that
could alter medical meaning. The quality of annotations significantly improved from the initial phase (fluency =
3.2, adequacy = 3.25, informativeness = 3.91, persuasiveness = 3.35) to the final phase (fluency = 4.23, adequacy
= 4.17, informativeness = 4.56, persuasiveness = 3.91) with an interannotator agreement of 0.82. To maintain
top-notch quality, we scheduled breaks every 30 minutes. It took approximately 45 sessions to complete the
annotation process in a span of 2 months .>

3.3 Quality of IndicMed Dataset

We have tried to make IndicMed dataset a high-quality multimodal multilingual medical corpus in the following
ways:

(1) Reliability of sources: IndicMed is based on MMQS [17] dataset which has recently been accepted in
AAAIL We further verified the quality of that dataset by randomly selecting 30 samples, and we found that the
dataset is of good quality.

(2) Manual annotations and correction: Given the specialized clinical nature of the dataset, we have
partnered with a medical team to provide expert annotation of the images. To maintain the highest quality
in translation, we use the chrF++ scoring system to evaluate accuracy. Any data point that falls below our

3ChrF++ [46] measures character n-gram matches using the F-score statistic, incorporating word n-grams for better correlation with human
assessments. It has been shown to outperform BLEU in aligning with human judgment [31].

4An equal number of data points is maintained across all languages to ensure a balanced evaluation.

SThe medical students were compensated with gift vouchers and honorarium per minimum wage requirements reported here:
https://www.minimum-wage.org/international/india
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TRANSLATED PATIENT QUERY

Hi doctor,For about four years now, | have been getting recurrent redness in the eyes.Please doctor see the eyes below . It starts in one eye at

this time of every year. There is no discharge, but stay as a painful red eye. It will go away for a week and then recur for a couple of days before

clearing up again. It usually last on and off for a month or 50 before going away. This is the beginning of dry weather in my place. Also, now we
begin using our wood stove for heat. | do have on and off rosacea. | have tried many eye drops, but they do not seem to work.

TARGET ANALYSIS

Is the patient experiencing recurrent redness in the eyes, with pain and no discharge, along with a history of rosacea? The image shows a
condition of ‘eye redness'. Yellow crust seen over upper eye lid. The severity is mild
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TRANSLATED PATIENT QUERY.

my daughter is 17 yrs old, and 2 days ago woke up with her loer inner right lip kinda swollen, and it was very numb.Please doctor see the current
conamun below . We did fake her to the urgent care and he checked her and didnt see any type of bites ( spider ) onhead (Bus), ne said to wait 1
© day and if the numbness does not go away to consult her dr. Today the numbness subsighted and she feels a hard like bump ai
PULS It.1t Nas 1ts Own PUISE and brain..wiat could this possibly ba. She 18 not having any othar problems, no headaches s no nased: N fevers..d
am concerned , please assist me. much thxit

TARGET ANALYSIS

What could be the cause of lip swelling, numbness, and a pulsating and hard bump in a 17-year-old girl? The image shows a condition of 'lip
swelling'. Swelling of the cheeks are also seen The severity is severe

Fig. 2. Samples from our IndicMed dataset. The first sample is in Telugu, while the second one is in Malayalam.

predetermined threshold is meticulously reviewed and corrected manually, ensuring precision and reliability in
the final dataset.

(3) Evaluation of the final translated dataset: To ensure the quality of translations in our dataset, we
conducted a thorough human evaluation. We randomly sampled 40 examples from each of the the languages
in the IndicMed dataset, resulting in a total of 120 translation pairs. These samples were reviewed by three
annotators fluent in the respective Indic languages, who assessed each example based on fluency and meaning ¢
Our evaluation revealed average fluency scores of 4.4 for Tamil, 4.25 for Telugu, and 4.12 for Malayalam. For
meaning, the average scores were 4.31 for Tamil, 4.15 for Telugu, and 4.10 for Malayalam.

3.4 Statistics Related to IndicMed Dataset
The different notable statistics for the IndicMed dataset are mentioned in Table 1 below:

Entries Value

Number of question-analysis pairs 21,105
Number of questions-per language 3015

Median length of patient query 97
Median length of query analysis 44
Total number of unique images 587
Number of medical conditions 18

Table 1. IndicMed dataset statistics.

The dataset encompasses medical disorders categorized into four groups. In the ENT group, conditions include
lip swelling, mouth ulcers, and swollen tonsils. The EYE group covers conditions like eye redness, swollen eyes,
itchy eyelids, and eye inflammation. Conditions under LIMB comprise edema, hand lump, neck swelling, and foot

Sdefinitions provided in the Appendix section
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Fig. 3. The diagram illustrates the architectural layout of IndicMedQA, delineating various stages of our proposed model.
Additionally, the frozen and trainable layers are shown with appropriate symbols.

swelling. Lastly, the SKIN group includes conditions such as skin rash, cyanosis, dry scalp, skin growth, skin
inflammation, and skin dryness.

4 Methodology

This section outlines the problem statement and different components of our proposed model.

4.1 Task Formulation

Our task involves analyzing patient queries in their native language with accompanying medical images provided
by them. The analysis comprises two parts: firstly, generating a concise English summary incorporating insights
from both modalities and secondly, conducting a medical image analysis to identify the condition depicted in the
image along with additional findings and severity assessments. Formally, given an input Indic textual query (7)
represented by T = {ty, #;,+., t,}, wheren is the sequence length of the query, and a visual image (V) corresponding
to the medical image of the patient, the model’s task is to generate a clinically nuanced analysis, represented as

M(L,V) ={S, A} (1)

Where M represents our novel multimodal model, S represents the succinct summary incorporating insights from
both modalities, and A represents the medical image analysis encompassing the identification of the medical
condition, additional findings, and severity assessments based on the visual cue of the patient. Figure 3 shows
a diagrammatic representation of our proposed architecture IndicMedQA. The complete architecture of our
proposed model IndicMedQA has four main components, namely: (i) Visual and Indic text representation, (ii)
Bootstrapping and fusion of vision-language representation, (iii) Parameter efficient finetuning of Indic LLM, and
(iv) Multitask loss function.

4.2 Visual and Indic Text Representation

We utilize a pre-trained frozen Vision Transformer (ViT-L/14) [49] to extract image embeddings from the
visual cues supplied by the patient. The frozen image encoder processes raw images, generating corresponding
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image features. These features are then flattened, which is subsequently fed into the Q-former. Patient queries,
articulated in their native languages, undergo preprocessing wherein they are tokenized using language-specific
Indic tokenizers of Indic LLMs. The tokenized text is then fed into the Indic LLM to generate embeddings.

4.3 Bootstrapping and Fusion of Vision-Language Representation

We leverage the Q-Former model, as introduced in [33], to generate task-specific image embeddings and address
the modality gap. We fine-tuned the Q-Former to enhance the mutual information between visual and prompt
representations by adding LoRA adapters. This decision was motivated by the aim of enhancing visual language
understanding. We use the Indic LLM instead of Q-Former for patient queries because the Q-Former (initialized
from English BERT) cannot effectively handle Indic tokens due to mismatched token distributions and limited
multilingual training data. The prompt aligns seamlessly with the objective of our task, offering a reliable
foundation for producing more task-aware visual embeddings. The prompt used for image-prompt alignment is
presented below:

Prompt used for image prompt alignment

Describe the medical symptoms shown in the given image in detail. Also, comment on its severity
and any additional symptoms if present.

4.4 Parameter Efficient Fine-tuning of Indic LLM

The multimodal embedding representation is fed into an Indic LLM; a pre-trained language model that has been
specifically trained on the Indic languages selected for this task. For this, we chose Sarvam-2B 7, a lightweight
yet effective LLM, as it has been extensively trained on Indic languages & during both its pretraining and fine-
tuning stages, making it well-suited for our multilingual multimodal framework. The preference for Indic LLMs
over-generalized ones stems from a significant drawback: the insufficient representation of Indic languages
in contemporary model training data, resulting in suboptimal performance across various linguistic contexts.
Additionally, Indic LLMs undergo enhancement with language-specific token augmentations to refine text
generation and improve language comprehension. In pursuit of a more efficient fine-tuning process for our Indic
LLM, we have adopted QLoRA [12], a leading parameter-efficient fine-tuning (PEFT) technique. QLoRA utilizes
4-bit quantization, enabling the fine-tuning process within our existing resource constraints. The prompt used to
generate the final analysis is given below:

Prompt used to generate the final analysis

Summarize. the given question and comment on the medical symptom along with its severity and
additional symptoms that are inferred from the image provided. Question: <patient query>

4.5 Loss Function for Multitask Learning

In our medical query analysis framework, we jointly optimize two generation tasks: (i) patient query summariza-
tion and (ii) multimodal clinical analysis based on the medical image. Each task has its own supervision signal in
terms of target output sequence. For the summarization task, we compute the token-level cross-entropy loss
between the generated summary and the reference summary. Similarly, for the clinical analysis task, we compute
the cross-entropy loss between the generated analysis and the corresponding ground truth description.

"https://huggingface.co/rachittshah/sarvam-2b-v0.5-GGUF
81t is trained on ten Indian languages—Bengali, Gujarati, Hindi, Kannada, Malayalam, Marathi, Odia (Oriya), Punjabi, Tamil, and Telugu
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The overall multitasking objective is defined as:
L=aL, + pL,, ()

where L; denotes the cross-entropy loss for the summarization task and L, denotes the cross-entropy loss
for the clinical analysis task. We set & = 0.6 and f§ = 0.4. Since clinically coherent summary generation is the
primary objective, a slightly higher weight is assigned to L. Empirically, multitask training consistently improved
performance across languages compared to single-task training (see Fig. 4), demonstrating the effectiveness of
jointly optimizing both objectives.

5 Experiment Results with Analysis

This section details the experimental setup and evaluation of the proposed model IndicMedQA’s performance
using automatic, human, and qualitative evaluation.

Model Hindi Bengali Marathi Gujarati Tamil Telugu  Malayalam

R1 RL R1 RL R1 RL R1 RL R1 RL R1 RL R1 RL

GPT-4.0-mini 053 044 051 042 052 043 050 042 050 042 051 042 051 043
GPT-4.0 055 045 054 044 054 044 052 043 054 044 053 043 053 043
LLAMA-VL 040 036 044 037 043 039 038 036 039 036 038 034 041 037
PaliGemma 032 025 033 025 034 026 035 026 034 026 033 025 034 0.25
Qwen 2 VL 053 047 048 043 049 045 052 047 047 043 047 043 044 039

Med LLaVA 051 043 050 042 050 041, 040 033 048 041 045 038 033 027
BimediX2 0.55 0.47 053 045 053 046 053 045 043 037 049 042 051 043
IndicMedQA 0.59 0.54 0.57 0.53 0.56 0.51 0.59 0.54 0.59 0.54 0.57 0.52 0.57 0.52
IndicMedQA(GB R-1) 0.54 050 0.52 049 052 046 ,050 047 054 050 052 048 052 048
IndicMedQA(GB R-4) 050 046 048 045 049 043 047 043 050 046 048 044 048 044

IndicMedQA(without Q-Former) 0.53 048 053 046 051 043 055 049 052 049 054 050 052 048
IndicMedQA(without Indic LLM) 0.50 0.42-.0.48 040 042 0.36 038 033 028 023 0.26 020 022 0.18

Table 2. Performance comparison between IndicMedQA and other state-of-the-art multimodal language models across
multiple Indian languages, using ROUGE-1 (R1) and ROUGE-L (RL) as evaluation metrics.The white rows indicate closed
source models, the blue rows indicate open weight models . The pink rows are various ablation studies with different gaussian
blurs with radius 1 and radius 4 . The red rows shows ablations without QFormer and Indic LLM.

Experimental Setup

Our experiments were conducted on an NVIDIA RTX 3090 (24GB) GPU, with each model requiring approxi-
mately 6 to 7 hours to complete training. We implemented both the baseline models and our proposed IndicMedQA
architecture using PyTorch [44], Hugging Face Transformers [56], and Unsloth °. The dataset was divided into
training (80%), validation (5%), and test (15%) splits 1°.

To optimize performance, we set a maximum of 30 epochs!!, a sequence length of 512, and trained the model
using the Adam optimizer with a learning rate of 2e-4. For QLoRA fine-tuning, we applied a dropout rate of
0.1, with the LoRA rank set to 64 and the LoRA alpha set to 128. The LoRA adapters were specifically applied to
QKVO and MLP layers in Indic LLMs, while for Q-Former, they were used in the Query, Key, and Value layers.

*https://unsloth.ai/

10This split enables efficient hyperparameter tuning with minimal validation overhead, ensure a robust and low-variance final evaluation
using a substantial test set, and maximize training data (especially important in our low-resource Indic medical domain with 21105 samples).
UEarly stopping was applied with a patience value of 10. It means if the loss does not decrease for 10 consecutive iterations the process will
be halted and the weights will get saved.
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R1 Scores for Different Models RL Scores for Different Models
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R1 Score
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Hindi Bengali Marathi Guijrati Tamil Telugu Malayala Hindi Bengali Marathi Gujrati Tamil Telugu Malayalam
Languages Languages

(a) Comparisons of ROUGE-1 scores (b) Comparison of ROUGE-L scores

Fig. 4. Comparison of ROUGE-1 and ROUGE-L scores for IndicMedQA variants, with the red curve showing multitask loss
training and the blue curve without it.

Additionally, we employed a multilingual decoder from Sarvam, as it has been trained on all Indian languages
included in our study, ensuring robust multilingual generation.

Baselines Setup

For baselines, we used both general and medical-specific Vision language models (VLMs). Among general
VLMs, we use LLAMA-VL [2], PaliGemma [5], and Qwen 2 VL 8B [53], GPT-4.0-mini and GPT-4.0 for each Indic
language. Among medical-specific VLMs, we use MedLLAVA [32] and BiMediX2 [40] .

Evaluation Metrics

We evaluated the performance of generated analysis using both automated metrics like ROUGE [35] scores,
specifically ROUGE-1 and ROUGE-L scores, and human evaluation metrics like clinical evaluation score, factual
recall [1], omission rate [1] and MMFCM Score .[17].

Results and Findings

Table-2 shows the comparison of IndicMedQA with respect to various baselines. We have tried to answer the
below research questions based on the results from the automated evaluation in Table-2.

Research Questions: We have addressed the following research questions in this work.

R1.How is the performance of IndicMedQA with respect to the baselines? IndicMedQA outperforms
all baseline models in our evaluation. Among the baselines, QwenVL performed the best among openweight
models and GPT 4.0 is the best performing model amongst closed source models , while PaliGemma had the
lowest performance. R2. How is the performance of medical VLMs compared to general-purpose VLMs?
Medical vision-language models (VLMs) generally perform better than general-purpose VLMs in most cases and
is comparable to GPT-4.0. Among them, BiMediX2 showed the best results, performing better than MedLLAVA.
However, we noticed a common trend: medical VLMs struggled with Dravidian languages such as Tamil, Telugu,
and Malayalam. Their performance in these languages was weaker compared to other widely spoken languages,
indicating a gap in multilingual medical understanding, especially for these language groups. R3.How is the
performance of VLMs across the languages? IndicMedQA achieved state-of-the-art performance across
all the baselines considered in this study. One key observation was that vision-language models (VLMs) faced
more challenges when processing Dravidian languages such as Tamil, Telugu, and Malayalam. In contrast, their
performance was significantly better in other Indian languages, highlighting a disparity in multilingual medical
understanding.

Ablation Studies

Impact of freezing various components of IndicMedQA : In our experiments, we compared the perfor-
mance of IndicMedQA with and without freezing the Q-Former and the language model decoder, as shown in
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ROUGE-1 Scores for Different IndicMedQA Variants ROUGE-L Scores for Different IndicMedQA Variants

IndicMedoA (wit
05 IndicMedQA (wit
IndicMedQA IndicMedQA

ROUGE-L Score

ROUGE-1 Score

Hindi Bengali Marathi Gujarati Tamil Tellgu Malayalam Hindi Bengali Marathi Gujarati Tamil Tellgu Malayalam
Languages Languages

(a) ROUGE-1 scores (b) ROUGE-L scores

Fig. 5. Comparison of IndicMedQA variants with different frozen components: Green represents fine-tuning both LLM and
Q-Former, blue represents fine-tuning only Q-Former, and pink represents fine-tuning only LLM.

Figure 5. In most cases, freezing the decoder resulted in a slight drop in performance. However, freezing the
Q-Former had minimal impact on performance, and interestingly, in the case of Marathi, freezing the Q-Former
led to a slight improvement in performance compared to the standard IndicMedQA configuration.

Impact of multitask loss: The impact of multitask loss is illustrated in Figure 4, showing a clear trend
of performance improvement across all languages in our experiments. Enforcing multitask loss has proven
beneficial, as explicitly applying loss to the outputs from both modalities (text and image) significantly boosts
overall performance.

Impact of blurring: To measure how much performance drops with blurring, we applied Gaussian blur with
radius 1 and radius 4.The pink rows in Table 2 show the results after blurring. We can see that the scores decrease
with radius 1 and drop further with radius 4. This confirms that stronger blurring leads to lower performance.
However, the results are still higher than those of open-weight models such as LLAMA-VL and PaliGemma.

Impact of Q-Former and IndicLLM: To evaluate the contribution of the fusion module, we removed the
Q-Former and replaced it with a simple projection layer that directly maps and combines the visual and textual
embeddings, following a fusion strategy similar to that used in the LLaVA architecture. In addition, to assess
the impact of the language backbone, we replaced the Indic LLM (Sarvam 2.0) with Mistral-7B, a comparable
open-weight model, to isolate the effect of language-specific modeling. The results as shown in red in Table 2
indicate that the choice of the Indic LLM backbone has a substantially larger impact on overall performance than
the Q-Former, highlighting the importance of strong multilingual and domain-aligned language modeling for
this task.

5.1 Human Evaluation

A team of medical interns, supervised by a medical professional, evaluated 25% of the test data across all languages.
They assessed the top-performing models from automated evaluations: QwenVL, IndicMedQA (without Q-
Former), and the full IndicMedQA. The evaluation used two main criteria: a 1-to-5 Clinical Evaluation Score
(CEval) for relevance, consistency, and fluency, and Medical Fact-Based Metrics like Factual Recall and Omission
Rate to measure accuracy against gold-standard annotations. The findings in Figure-6 show that IndicMedQA
consistently outperformed the other models in all languages. Hindi and Gujarati yielded the strongest results,
while Dravidian languages proved more challenging. The full IndicMedQA model showed the most notable
performance improvements over its ablated version in Tamil and Telugu.
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Fig. 6. Human evaluation scores of our proposed model with respect to the baseline. Our model scored.higher across all
metrics in all languages across all metrics like clinical eval scores , omission rate and factual recall.
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TRANSLATED PATIENT QUERY
FT, T woke up last Tuesday morning with a sore and some eye problems (I felt one in the corner of My eye on the side of my
nose and one on my eyelids on the outside of my eye. My eye is very sore.lt hurt and swelled up and then turned into a very
scary black eye. My eyesight is good and | was flying that day. The image for the same is attached below. | went to see a
pharmacist who gave me Arnica pills.This morning the swelling is almost gone (although the sores around my eyes are really
bad) but | feel like | have a real stye on top of my eyelids. These blocks seem to move.

IMAGE DESCRIPTION IMAGE ANALYSIS
TARGET S

The image shows the condition of swollon oyve What could be causing the sore, swollen eye with two
¥ =) € > ve. styes, black eye, and unexplained lumps that move on the
Big swelling of the entire eyelid and also below eyelid? The image shows the condition of swollen eye.

the eye. Looks Dark red and little shiny. The Big swelling of the entire eyelid and also below the eye.

severity is severe Looks Dark red and little shiny. The severity is severe

M3Help(LLM + Q-Former ft.) M3Help(LLM +Q-Former ft.)

Patient woke up with eye redness, swollen eye, and

The image shows a condition of 'swollen eye'. black eye. Swollen eye resolved, but patient has
there is redness of the skin over upper eye lid lumps above eyelid. The image shows a condition of
The severity is severe ‘swollen eye'. there is redness of the skin over upper

eye lid The severity is severe
M3Help(LLM ft.) M3Help(LLM ft.)

Patient woke up with a scratched eye, experiencing
pain, swelling, and black eye after taking amlodipine
tablets. 2. Met with a consultant ophthalmologist,

The image shows a condition of ‘swollen
eye'. There is redness of skin overlying

upper eye lid The severity is mild diagnosed with corneal abrasion and undergoing

treatment. 3. Swelling reducing, but experiencing
painful lumps above eyelids. The image shows a
condition of 'swollen eye'. there is redness of the skin
over upper eye lid The severity is mild

Fig. 7. Qualitative Analysis of the generated analysis in both configurations of IndicMedQA. Green denotes the correct
medical facts, and red means the hallucinated text.

6 Qualitative Analysis

Figure 7 highlights a clear pattern in the effectiveness of different configurations of IndicMedQA—one with only
LLM fine-tuning, referred to as M3Help(LLMft), and the other with both Q-Former and LLM fine-tuning, denoted
as M3Help(LLM + Q-Former ft). The evaluation of annotated samples, as shown in Figure 7, was conducted with
valuable input from our collaborating medical professionals. In the figure, green-highlighted phrases indicate
correct analyses of patient queries and images, while red-highlighted phrases denote incorrect interpretations.
While in most of the samples there were very minute changes in generation but in very rare cases we identified
the following key insights: Both configurations of IndicMedQA successfully captured most medical facts, but
the choice of model configuration significantly influenced the quality of generated outputs. IndicMedQA (with
Q-Former fine-tuning) exhibited fewer hallucinations and better formatting, whereas IndicMedQA (LLM only)
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tended to produce longer outputs, which, in some cases, introduced hallucinated or incorrect tokens, as highlighted
in red.

7 Risk Analysis

While visual cues are vital for clinical analysis, over-reliance on them poses risks like overlooking textual details
or being misled by poor-quality images. Our findings show that IndicMedQA effectively balances visual and
textual information, which reduces hallucinations. Nevertheless, in high-stakes medical situations, human expert
validation remains indispensable to ensure analyses are clinically meaningful and trustworthy

8 Conclusion

In this study, we introduce the task of multimodal medical query analysis for seven Indian languages, allowing
patients to use native language text and medical images to express health concerns. To support this, we created a
high-quality, multilingual, and multimodal dataset using a semi-automated, human-validated translation pipeline.
We propose IndicMedQA, a lightweight multimodal transformer that combines a static image encoder with an
Indic LLM for better language comprehension. The model uses a multitask loss function to‘improve generation
quality from both text and image inputs. Through extensive evaluations, including human and automated analysis,
we ensure the model’s reliability and safety. The overall goal of IndicMedQA is to assist healthcare professionals
by enhancing doctor-patient communication for the Indian population.

9 Limitations

Our work exhibits several notable limitations, outlined as follows:

(1) The dataset’s current scope, with 21,105 samples covering only 18 common medical conditions, restricts the
model’s generalizability. A significant expansion with a wider variety of conditions is essential before the model
can be safely deployed in real-world clinical scenarios.

(2) By focusing on only seven Indian languages, the model’s applicability is limited and does not cover the full
linguistic diversity of the country. This presents a significant challenge for broader, nationwide deployment.

(3) The model is tailored for image data, but the medical field is increasingly using videos and voice recordings.
To remain relevant and effective, future work must expand the model to handle these additional data modalities.

10 Resources
The code and the dataset are made available in this github page: IndicMedQA.

11 Ethics Statement

Ensuring ethical rigor is very important when working with multimodal medical Al systems, especially in terms
of privacy, safety, and responsible use. In this study, we worked closely with medical professionals throughout
the process—from selecting the dataset source to validating the results. To maintain high ethical standards and
protect patient privacy, all data were carefully reviewed, and any images that could reveal private information
were removed during preprocessing. We used the publicly available MMQS dataset in our work. Since we did not
collect new images or add new labels—and only analyzed the existing data, which had already been annotated by
medical experts—no additional data handling or annotation was involved apart from the severity analysis which
was only a minor addition to the already existing dataset . Because of these reasons, our work was exempt from
the Institutional Review Board (IRB) oversight.
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