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METHODOLOGY RESULTS

We construct our knowledge graph using the Unified Medical
Language System (UMLS)[1] dataset from the National Institutes 
of Health (NIH) , establishing relationships between medical 
terms through the MRREL table.

Spoken question-answering (SQA) systems relying on 
automatic speech recognition (ASR) often struggle with 
accurately recognizing medical terminology.
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[SPEECH]
A neonate presented with cicatrizing skin lesions all over the body with 
hypoplasia of all limbs. An MRI of the brain revealed diffuse cerebral 
atrophy. An ophthalmologic evaluation reveals chorioretinitis. Which of 
these tests is most likely to show a positive result in this patient? 
[TEXT]
Option A: Anti-HCMV antibodies Option B: Anti-toxoplasma antibodies 
Option C: Anti-VZV antibody Option D: Anti-rubella antibody 
[OUTPUT] The correct answer is option C
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INTRODUCTION

Our contributions include: 
(1) An automated medical knowledge graph (KG) construction 
method encodes semantic and phonetic relationships between 
terms, enabling robust
error correction and reasoning. 
(2) A multi-constraint retrieval mechanism leverages phonetic and 
semantic features to generate accurate ASR hypotheses for medical 
terminology. 
(3) A fine-tuned LLM integrates retrieved knowledge with answer 
constraints, producing precise transcriptions and reliable answers. 

Assistant Target is defined as a structured two-line completion format:
Corrected Text: [Original GT Text]

Correct Option: [Option Letter<A|B|C|D>]

Training Objective:
Given an input–output pair (x, y), the model is optimized with a single causal language 
modeling objective. Formally, the input sequence is defined as:

𝑥	 = [𝑠	; 	𝑢 𝐴𝑆𝑅, 𝑂𝑝𝑡𝑖𝑜𝑛𝑠, 𝐾𝐺 ]

The model parameters θ are trained to minimize:

This formulation unifies ASR error correction and multiple-choice reasoning into a single 
generation task. The KG ensures domain knowledge remains available, enabling the model 
to produce clinically accurate and context-aware outputs.

DATASETS CONCLUSION

Each dataset is synthesized using OpenAI’s TTS API (16,000 Hz, WAV mono format) 
with six distinct voices to enhance speaker variability and phonetic diversity [2].
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