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INTRODUCTION

Spoken question-answering (SQA) systems relying on
automatic speech recognition (ASR) often struggle with
accurately recognizing medical terminology.
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Nodes: medical entities
Edges: sematic and phonetic
relations

<prompt>

ASR text + options ASR text + relations in KG

[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 1s most likely to show a positive result in this patient?

[TEXT]

Option A: Anti-HCMYV antibodies Option B: Anti-toxoplasma antibodies
Option C: Anti-VZV antibody Option D: Anti-rubella antibody

Q)UTPUT] The correct answer 1s option C
Node Types

Disease

MRI Symptom
Pathogen

Test

Similarly Terms

Cerebpral V antibodies Anti-toxopJasma|antibodies

Assistant Target 1s 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 imnput—output pair (X, y), the model is optimized with a single causal language
modeling objective. Formally, the input sequence 1s defined as:

x =|[s; u(ASR, Options, KG)]

The model parameters 0 are trained to minimize:

£(6) = -3 log Py(y; | x, y<i)

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

Ophthalm 'ogﬂevﬂ" & Jrus H{(poplasia to produce clinically accurate and context-aware outputs.
Cerebral dystrophy ToXopla si\ DATAS ETS
Chdrioretinitis \"/AY Hyperplasia Dataset DiS. Symp. Diag. T. Uniq. To A“d. To
Clinical Knowledge | 677 59 45 677 52
Dysphag Anti-rubel tha@dy VZV Jinfection Anatomy 484 37 29 484 4'5
, fomp MMLU | Gollege Medicine | 344 | 29 | 22 344 | 6.0
' . College Biology 250 21 18 250 3.9
e oeenymee Medical Genetics 239 17 12 239 4.3
Professional Medicine | 1,145 113 05 1,145 8.7
CicatriZ@ #dBY antibody Med QA (Test) 4,390 | 1,120 985 4,390 7.8
MedMCQA (Test) 19,978 | 2,319 | 1,983 11,978 10.5
We construct our knowledge graph using the Unitied Medical MedMCQA (Train) 45,444 | 4,128 | 3,724 | 45,444 36.2

Language System (UMLS)[1] dataset from the National Institutes

of Health (NIH) , establishing relationships between medical
terms through the MRREL table.
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RESULTS
Table 1. QA Accuracy of MedSpeak and Baselines.

Task ZS-ASR Zero-Shot FT+Wlisp FT-LLM MedSpeak
MMLU
Clinical 62.2 66.3 85.6 94.3 954
Anatomy 57.0 64.4 85.2 94.1 93.3
College 62.1 67.5 84.2 92.7 95.6
Virology 47.6 48.8 85.5 91.0 95.8
Prof. Med. 74.6 76.1 88.6 94.9 97.8
MedQA 54.9 58.9 86.6 018 97.5
MedMCQA 45.5 52.8 82.3 92.5 91.5
Avg, 50.2 56.3 83.7 92.5 93.4
WER (%) Comparison on MedSpeak Tasks
Lower is better
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CONCLUSION

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.
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