RARL: AR RFBECERGET B, sl >
LoRA g% 155 VLM Iz AL

Tan-Hanh Pham'->, Chris Ngo>
'Harvard Medical School, USA, 2Knovel Engineering Lab, Singapore

TCorresponding author

Abstract

WLBEIE S (VLMs) 78 BSY7 17 1 oy H 368 2 10 Wi IR 8 T 47 A
WENO A, AT, HBIHYESST VLM TEALAEZ A BRI R
TAELE IR, kSR T8 (Ve IR A A S PR R B P 8. T
ARE BRI, Tt T PRI R A% 5 fEJE RARL, I AE Y
T ST VLM FOSEERAE J, RN OREE T e (% VUL 1 2R R b B
FHAT A0 0 R s A 7 2t R KB T 2 Rl
Qwen2-VL-2B-Instruct, 36 il o K3t )% 1 2 WA P AT R i . )
Y2 4F—% NVIDIA A100-PCIE-40GB GPU Fitf7HY, JRiR T 1E 2 RERES
I R T AT . Fe T LLM-as-judge HEGLPT(R 2 e
S TE B PEFOARRE e BRIP4y . SEBR W], RARL G s T Peov ]
15X BTG PR ARERR ) VLM YERE, A0 0TS0 £ G5 H O O
THTI8% , [ATHBEE M. 1A, AR TRt R
B e R0 AR Sy, B BOMELRS 12027 % WMPERE, IFLLIESE RL
BT 20 4 % o Bl TH9S KR W], IIZIOTIIAY 2 R 5 R0 ]
B TRt T AR T VLM PERE S 0L, J40 IHOBFIuSs Rami 1 4|
% 5] PP 75 S EEST VLMs & 0 BB . iR LI 25 i I e
Fo B AT . LR R R AT .

1 515

KAREZ I (LLMs) HOPOt R 25l T A TAE (AL, (L EAER% DL A ORI
FRAEAETAE A1t o SIARAIVE AT 5 (1-5) . oc—ob A SRS BUIRg o e B 7 R,
FERLE A OGN 5 1A o IR ML A, SKVE QUS| A T e LA
SU IS F R G, LR B S eI RER BT, ZE A S R Sk
SR A O AT L. DI, DR OSER o B o 2 R R B AT
AR TR, AEUSIATT E S SRR A AT IR 1 4 5 [6-10] .
{91401, 1% Llava-Med [11] il Med-PaLM M [8] SCRERHEH LR HE 4TI X 6 b s
S AR 75 ) O AR B . S RSP ARSI R T (R LA B 008 7,
FCRAE BRI S % X T B0 15 KRB

JUEAERX ST RIS T, BT RBIR (VIMs) WA RS2 B4 TS br b i BRI . 1
S, EPERERUARZL ) 1 LLaVA-Med [11] 5 Med-PaLM M [8] , &K#fi T K EHESE (Hlan,
MIMIC-CXR [12] 5 PMC-15M [13] ) FIKERTTERIE, 5 S ERE M & in GPU #:47i
ko SXSEBRE /NI BT FALR | BT BE = Al PR AT B 4 ok e B R4y B T B R BHAG: [14]
o FLU, V2 ST KRB B X E A 55 ORISR AT T 1Ak, S EUEAR ILId s R AL I IR
s RBAME. B, — AR —BERER R X 96 A DGR ] GEME DA AT R H R
[F) B Pk i B AT R (15, 16] o 2R1M, RUEXEERGEHAE T, VRS T
TR, T2 WA RITERE SR BERER I uhE FR I, FEITRESE

Preprint. Under review.

www.xueshuxiangzi.com


https://github.com/Hanhpt23/MedicalImagingReasoning
https://huggingface.co/datasets/Hanhpt23/Silvar
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Table 1: FF-HELL R A o

Sample 1: Abnormality detection

Sample 2: Abnormality detection

Question : Does this image look abnormal?

Answer : <think> Yes, the image appears abnor-
mal due to the presence of irregularities in the lung
fields and potential signs of pathology. The over-
all lung structure may show unusual densities or
patterns that deviate from normal anatomical fea-
tures. These findings could indicate conditions such
as infection, inflammation, or other pulmonary is-
sues that warrant further investigation </think> <an-
swer> yes </answer>.

Short answer : Yes.

Question : Is the lung healthy?

Explainable Answer : <think> The lung appears to
show signs of pathology, indicated by the presence
of abnormal structures and potential lesions. These
findings suggest that the lung is not functioning op-
timally and may be affected by a disease process.
Further evaluation and clinical correlation are nec-
essary to determine the specific condition affecting
the lung. Overall, the imaging suggests that the lung
is not healthy </think> <answer> no </answer>.

Short answer : No.
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Table 2: TER[FAFEASHAR K HEE CV-Bench ERYAFIYIZRHNE . “RL w/ LoRA” 1EZ R gL
BER AT AR T Rt

Training Count Relationship Depth Distance Total

Method Samples Acc. (%) Acc. (%) Acc. (%) Acc. (%) Acc. (%)

Experiment from literatures

RL only (w/o LoRA) [32] 15,000 69.54 % 61.84 % 66.50 % 65.50 % 66.03 %

Our experiments with Qwen2-VL-2B-Instruct

SFT 500 59.26 % 52.61 % 34.34 % 38.33 % 47.19 %
SFT 1,000 59.90 % 51.54 % 46.67 % 46.00 % 51.67 %
SFT 5,000 60.27 % 65.54 % 45.67 % 42.83 % 54.28 %
RL w/ LoRA 500 58.74 % 54.19 % 38.00 % 41.23 % 48.04 %
RL w/ LoRA 1,000 60.30 % 57.23 % 48.33 % 4747 % 53.33 %
RL w/ LoRA 5,000 63.89 % 68.61 % 52.84 % 50.83 % 59.04 %
RL only (w/o LoRA) 5,000 64.43 % 65.65 % 50.35 % 55.71 % 59.29 %

RN 2 o, AP RRATTE U Zead A b A R B3R BEAT RO (HERRSRR) o SEBRRM]
TER/N YIRS (500 AT 1,000 MEA) F, FAIH9 )% (RL with LoRA) fE CV-Bench
EAET SFT U5k, RUTERGIEIRA S P RERE L. 0, MBS (5,000 4>
FEAS) BEATUIZRIT, {7 RL A LoRA FRERLPEREMK IR 5 R 8] LoRA YIZRAILAL AT a4
T30 XEMBATHITTIEA PO RN SR, T AR B 52 IR i BLSE 37 5 AR
RIS, o 7T R
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TEWFIE T FATINGRAARAE CV-Bench FIBCRZ )5, BATRFINGRAAR Y i 22 PR el . HLAR
UL, FATEAT O BB ASE R 5 Y PR A I i S BB IEAT SO, e R AT
HEALM IR LA 2 8 i Bas VQA BEUEINHA I HAERE: VQA-RAD [25] . SLAKE
(#575) [26] #1 VQA-Med 2019 [27] .

SIATHMLRA ], AR E I 32 2y PG R P AR s AR e B 55 A h T
B A U B AS =t SR TE R R 2 A ] RRAEAEANULRL , LB AT R LR AN L0811
R I F AR LLM-as-Judge 560%, U35 GPT-40 mini A1 Gemini 1.5 Flash, 3Pz 4 i,
ESAX T R IR A E R . W TR, FRATOETRAT A B AR EIPAaia
TIN5 R AE R SR LG, PR AR S AN L S R
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Table 3: {E R BOH7# F A RIFIEESE: VQA Bt LIy BImsFTITAS

Dataset GPT-40 mini Gemini 1.5 Flash Human Evaluation
Reasoning Final Reasoning Final Reasoning Final
(%) (%) (%) (%) (%) (%)
Our experiment using SFT
Ours 67.57 % 64.86 % 65.54 % 62.21 % 63.52 % 60.81 %
VQA-RAD — 26.16 % — 22.37 % — —
SLAKE — 43.14 % — 42.89 % — —
VQA-Med 2019 — 13.80 % — 11.43 % — —
Path-VQA — 9.09 % — 8.88 % — —
Our experiments with the propsed pipeline: RL + LoRA
Ours 68.91 % 61.49 % 66.89 % 60.81 % 64.86 % 62.84 %
VQA-RAD — 43.90 % — 42.13 % — —
SLAKE — 51.64 % — 52.02 % — —
VQA-Med 2019 — 49.80 % — 49.20 % — —
Path-VQA — 24.26 % — 23.05 % — —
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Table 4: FEFIFFM 5 HEFE

Comparison between final prediction and the model reasoning.

Question : What disease is/are shown on the right of lung?

Short answer :

Grounth truth : The image shows in the right lung, characterized by areas
of increased opacity due to fluid accumulation or inflammation. This condition
can result from various infectious agents, leading to symptoms such as cough,
fever, and difficulty breathing. The presence of such opacities indicates that the
lung tissue is affected, which is typical in pneumonia cases.

Model reasoning : The image is a chest X-ray, and the right lung appears to have a darker, more opaque area
compared to the left lung. This is indicative of a lung opacity, which can be caused by various conditions
such as , i ul FCAB S Ze % . Tt is important to consult with a healthcare professional for a proper
diagnosis and treatment plan.

Model final prediction : pneumonia, lung cancer and other lung diseases.

Table S: i I FRATHYRAENS R WA IEA TR LTI o

Image Explanation

Question : Does the look normal?
Ground truth : Yes.

Model prediction :

The internal texture seems consistent, indicating
healthy liver tissue. Overall, there are no signs of cirrhosis, fatty liver,
or other pathological changes. Therefore, the liver can be considered
normal based on this imaging.

Observation 2 : (1) The proposed method outperforms the SFT fine-tuning approach in both hu-
man and LLM-as-judge evaluations on the reasoning dataset. (2) The model demonstrates better
generalization to unseen datasets when trained with our pipeline under limited data conditions. (3)
We show that evaluating only the final answer is insufficient, as the model may perform meaningful
reasoning but still fail to produce the optimal answer.

24 BB IEARE R 2 FEE

Can you give
me a hint?

What should I think if
I don't know anything
about it?

<think> Reasoning Steps </think> <answer> Final Answer </answer>

y;

Reasoning reward Accuracy reward

Figure 1: RARL M3, B3Uall R w] 45 04w R BEAT HE R ) e A 25 256
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AT ZRACIIHR R A o FATTBOA B [ 7 9 I 5k 2, T LA 2R e o 51— 2R ) S
Sl R A R R 2 :

o TEAPRI S X USRI TR 4 B R AT TR A I R, S

IV A A AR S A BRSO R R

o PR S XUCPURBUIR LRI RS EOR/AR E, HF ARARBR EERAE R
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i o

TS BRI B P ORI, RATIEAE T R U AR R Al
TEHER R, o AT

o MEBEFEN: IR MBS B Z A OO PTG T A
BY TR TR W52 — P E R, R PR SR
o AR P SBETFITZ ER . BT R g s

?ﬁﬁ%@ﬁMMﬁngﬁﬁﬁRM&%%&%#%%@%VQAﬁﬁ%L%ﬁﬂﬁﬁﬁ
REVEA .

Dataset GPT-40 mini Gemini 1.5 Flash Human Evaluation
Reasoning Final Reasoning Final Reasoning Final
(%) (%) (%) (%) (%) (%)
Experiment reasoning prompting in inference
Ours 70.27 % 64.86 % 68.92 % 64.86 % 70.94 % 65.54 %
VQA-RAD — 45.73 % — 44.00 % — —
SLAKE — 56.38 % — 54.71 % — —
VQA-Med 2019 — 51.18 % — 50.47 % — —
Path-VQA — 2533 % — 24.78 % — —
Experiment none-reasoning prompting in inference
Ours 67.56 61.49 65.54 % 61.49 % 65.64 % 60.81 %
VQA-RAD — 40.54 % — 40.21 % — —
SLAKE — 52.67 % — 52.55 % — —
VQA-Med 2019 — 47.99 % — 46.31 % — —
Path-VQA — 24.00 % — 23.72 % — —

RMITE 2.3 TSR, FANEZ DB VOA B EVPA T IRAIATA. IR 6 a4
HIREE, KF RARL S /n SAEMEAISE & BT 7 SRR R TERE . FEFRNTRO TR {4
b, 54 RARL M50 EL , BALAE LLM PPARIN TOPAl g 7R 4.5 %, HHEL
HIE, 1 GPT-40 mini JFAli ) R A0 4fE VQA-RAD [ 1 4.17 %, ft SLAKE F§¢
BT 9.18 %, 7£ VQA-Med 2019 [FH#i5 T 2.77 %, 1F Path-VQA 5T 441 %. NZERFK
A, GG RL 7RI, RARL FR /R SIS & 8500 TR HERIAT ) . RARL
R XCER S JRIAIL A Af DRASE 10 5% T S RAH S AR, il 17265 2.3 1y oML B iy <) g Al
MBI BN, ERATILE T AHEBT 55 b, BN 5 ECS R R 057, X
JH I B R ) LLM PP Z BRI CAPAG 52 THIER . Ah, HEBRANE R R 2 (R A FAE 220
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WL ) 32 B0 43 5 i GPT 40 mini, Geminil.5 Flash #1 A TEA R T 4.01 %. 5.16 % F17.78
Do REVERA LT, PREADIRETE, TRl @ et 2 01m oMl (Path-VQA Jif) HY,
BB HERERE RS e (i, X FRIA TR B0 2 W I R 5 A0 4/ g el ]

Observation 3 : (1) The experiment shows that reasoning-aware training ( RARL ) and prompting
diversity not only improve performance on reasoning tasks but also help the model internalize more
clinically relevant knowledge that generalizes effectively to different types of data. (2) Reasoning
prompting during the inference stage is crucial for guiding the model to produce correct answers.

3 i
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A T OIZRELHE I & BRI o

Explanation-Required Answer Prompt:

prompt = f"You are a Medical Assistant. Carefully analyze the medical
image and the User’ s question. Think through the problem step by

step using clinical reasoning and relevant visual cues. Present your
thinking process clearly within <think> </think> tags, and then provide

a well-justified answer within <answer> </answer> tags. User: question
Assistant: Let me solve this step by step."

Short-Form Answer Prompt:

prompt = f"You are a Medical Assistant. Read the User’s question and the
associated medical image. Provide your thinking within <think> </think>
tags and a concise factual answer within <answer> </answer> tags. User:
question Assistant:"

Open-Ended Answer Prompt:

prompt = f"You are a Medical Assistant. The User askes a question based
on the provided medical image. Consider all visual and contextual details.
Share your reasoning freely within <think> </think> tags, and conclude
with your best judgment within <answer> </answer> tags. User: question
Assistant:"

B MR R S B
evaluation_prompt = ¢ ¢
Task:

You are given a question, a ground truth, and a prediction in medical analysis.
Evaluate the model prediction for its relevance, accuracy, and alignment with
the ground truth.

Reasoning Scoring: if the reasoning of the prediction is similar to ground truth,
returning 1, otherwise returning O.
Prediction score: if the final prediction is similar to ground truth,
returning 1, otherwise returning O.
Output structure:
{
"evaluation": Provide a concise justification sentence explaining why you
rated the score.
"reasoning_score'": reasoning score
"prediction_score": prediction score
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