MMed-RAG: Versatile Multimodal RAG System for Medical Vision Language Models
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tl;dr: a multimodal RAG system to improve the factuality for medical large vision language models (Med-LVLMSs)

Background
Hallucination in Med-LVLMs
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VQA-based Hallucination Examples

Are infiltrates present on the chest X-ray? n

Yes, the chest X-ray shows infiltrates in the lung.

Is the heart size abnormal on the chest X-ray? O

Yes, the heart size appears to be abnormal on the
L chest X-ray, and it is described as being
markedly enlarged.

Please describe this chest X-ray image. O

The chest X-ray image shows widening of

*  the superior mediastinum, which is the area

. in the middle of the chest between the
lungs. This widening is associated with the
presence of a superior mediastinal mass,
which appears to be causing compression
of the left pulmonary artery.

Goal: Build a Reliable Med-LVLM to
Generate Factual Responses

Motivation
Recent RAG-based Method
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Challenges @

1| lack of sufficient high-quality
abeled data for fine-tuning

2 | distribution gap exists
between the training data and
the real-world data

3 [ dataset-specific: reducing the
generalizability = MMed-RAG
4 | misalignment issues: cross-

modality and overall alignment
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Methodology
(1) Domain Identification &

Domain-aware retrieval mechanism:
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Cannot Solve Problems by Self

Learn How to Copy *

g -8 -8 o

ﬁ ‘—»‘?—» Q Ur&

: Original Onglnal Med-LVLM

Ongmal i B = E Image Med-LVLM :

image  Med VLM i 'mﬁ it I g S " @, @B

i : RAG &'

j . OI sl Missssssssssssssssssssnsannnsas .c..’. .....................................
\’Q RAG i g> RAG Cop1ed homework 1is Wr‘ong

(3) RAG-Based Preference Fine-Tuning &
1| Direct Copy Homework from Others ¢ Think it by Self

(2) Adapted Retrieved Context

Dynamically adjusts retrieved info based

A : A Se
B 2 ¢
o f‘_—‘. —
;'.,-'--: ::' h

Constructed
Preference Pairs

Preference
Fine-Tuning

& e

Stronger Med-LVLM

Avoid blindly copying external information by encouraging the model to rely on its

own visual reasoning when solving complex problems

2| Cannot Solve Problems by Self 3 Learn How to Copy

When Med-LVILMs are unsure, MMed-RAG teaches the model to intelligently use

retrieved knowledge, pulling in the right information at the right time

3| Copied Homework is Wrong & Avoid Interference from Incorrect Homework

Prevent models from being misled by incorrect retrievals, reducing the risk of

generating inaccurate-medical-diagneses
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Experiments
Medical Visual Question-Answering (VQA)

Models | Radiology | Ophthalmology | Pathology
| IU-Xray MIMIC-CXR | Harvard-FairVLMed | Quilt-1M PMC-OA (Pathology)
| Acc F1 AUC Acc F1 AUC ‘ Acc F1 AUC | Acc F1 AUC Acc F1 AUC
LLaVA-Med-1.5 | 7547 64.04 6746 7579 80.49 68.84 | 63.03 74.11 63.05 | 62.80 7290 60.03 59.28 7198 54.19
+ Greedy 76.88 6559 68.74 7832 86.75 71.13 | 8254 8598 7009 | 64.72 70.12 58.75 5861 7042 53.10
+ Beam Search 7691 66.06 68.77 8156 86.36 73.79 | 8093 88.08 6894 | 6352 6933 57.65 5629 69.84 52.89
+ Dola 78.00 66.75 72.19 8135 8573 7273 | 76.87 8553 67.10 | 63.47 69.10 5758 57771 7027 52.95
+ OPERA 70.59 61.54 6322 6934 7666 6246 | 7141 8137 65.59 | 60.51 6632 5479 5532 6830 51.86
+ VCD 6899 5435 61.08 70.89 7557 64.61 | 6588 7720 64.16 | 6143 6739 5572 5510 6794 51.62
+ MedDr 8333 67.80 77.15 55.16 56.18 5847 | 70.17 80.72 64.15 | 68.15 7323 6701 5997 69.19 5701
+ FactMM-RAG | 84.51 68.51 77.07 77.58 81.86 70.09 | 83.67 87.21 7220 | 69.25 73.62 68.15 6049 6938 57.31
+ RULE 87.84 78.00 85.78 83.92 87.49 8344 87.12 92.89 77.08 | 68.97 73.80 68.13 6141 7036 58.91
MMed-RAG | 89.54 80.72 87.13 83.57 8849 85.08 | 8794 9278 80.81 | 7295 7635 7225 6454 73.09 61.42
Models | Radiology \ Ophthalmology
| IU-Xray MIMIC-CXR Harvard-FairVLMed

| BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR

LLaVA-Med-1.5 | 9.64 12.26 8.21 12.11 13.05 11.16 | 18.11 11.36 10.75
+ Greedy 11.47 15.38 12.69 16.63 14.26 14.19 17.98 11.49 13.77
+ Beam Search 12.10 16.21 13.17 16.97 14.74 14.43 18.37 12.62 14.50
+ DoLa 11.79 15.82 12.72 17.11 14.89 14.81 18.26 12.51 14.51
+ OPERA 10.66 14.70 12.01 15.40 12.52 13.72 16.59 11.47 13.63
+ VCD 10.42 14.14 11.59 15.18 12.30 13.38 16.73 11.38 13.89
+ MedDr 12.37 16.45 13.50 18.59 15.72 16.77 19.82 13.72 15.40
+ FactMM-RAG | 14.70 18.05 15.92 18.71 15.84 16.82 20.82 14.17 15.31
+ RULE 27.53 23.16 27.99 18.61 15.96 17.42 22.35 14.93 17.74
MMed-RAG | 31.38 25.59 32.43 23.25 12.34 2047 | 24.82 16.59 19.85

Analysis
Effectiveness in Mitigating Misalignment Issues

Image Tokens Text Tokens

Can focal airspace
Ouestnon consolidation be
seen on the image?
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Ablation Study

MMead-RAG (Ours) LlLaVA-Med-1.5

Model TU-Xray FairVLMed 1: Direct Copy Homework from Others;
voA RG VoA RG 2: Cannot Solve Problems by Self;
LLaVA-Med-1.5 | 6899 10.04 6663 13.41 _ : ,
+DR 77.12 1323 7269 15.89 3: Copied Homework is Wrong
+RCS 7956 1792 7574  17.22
+RAG-PT (OUIS) 85.80 29.80 87.18 20.42 Model IU—Xray FairVLMed
VQA° RG VQA RG
DR: domain-aware retrieval mechanism; LLaVA-Med-1.5 | 68.99 10.04 66.63 13.41
: : : RAG-PT 1 80.19 1938 79.42  18.37
RCS: adaptive retrieval context selection; T RAG.PT 2 80-23 23.16 73_35 18.66
RAG-PT: RAG-based preference fine-tuning ~_*RAGPTS3 8130 1943 8007 1892
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