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Abstract. Developing 3D vision-language models (VLMs) with robust
clinical reasoning remains challenging due to the high-dimensional com-
plexity of volumetric imaging and biases in clinical narratives. We pro-
pose Med3D-R1, a unified framework that enhances diagnostic accu-
racy and interpretability for 3D CT-based abnormality diagnosis. First,
we identify a structural narrative bias in standardized radiology reports
and introduce an Abnormality Re-Weighting (ARW) strategy to coun-
teract positional priors, together with a Residual Alignment Mechanism
(RAM) that stabilizes cross-modal mapping between volumetric features
and textual embeddings. Furthermore, we implement a reasoning-aware
reinforcement learning stage with a consistency reward that encourages
intermediate reasoning traces to align with report-supported evidence
under report-based supervision. Evaluated on CT-RATE and the exter-
nal RAD-ChestCT Multiple-choice Visual Question Answer benchmark,
Med3D-R1 achieves state-of-the-art performance and improves diagnos-
tic consistency and reasoning transparency in 3D medical VLMs. Code
is available at: https://github.com/laihaoran/Med3D-R1.
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1 Introduction

With the increasing availability of volumetric imaging, computed tomography
(CT)-based 3D diagnosis has become essential in clinical decision-making [7,16,4].
Recent progress in large language models (LLMs) has enabled 3D vision-language
models (VLMs) to generate radiology-style interpretations [17,13]. However, cur-
rent 3D VLMs remain far from deployable, as high-dimensional 3D visual fea-
tures make cross-modal alignment unstable and final-answer-oriented training
may under-constrain intermediate reasoning under report supervision.
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Fig. 1. Positional and overall distribution of normal and abnormal content in CT-
RATE reports. Normal findings dominate early positions, whereas abnormal findings
appear later, revealing an observed positional regularity that can induce prediction
inertia during training.

This reporting order is clinically meaningful rather than inherently problem-
atic, since radiologists often describe normal anatomical structures systemati-
cally before abnormal findings. Our analysis is limited to the CT-RATE training
set, where this observed regularity may be learned by autoregressive models as
a positional prior that favors normal findings before later abnormalities.

Existing 3D medical VLMs suffer from three major limitations. (1) The se-
mantic gap between heterogeneous 3D volumetric features and compact textual
embeddings leads to unstable cross-modal alignment [15,21]. (2) Structured radi-
ology reports introduce an observed structural narrative bias: normal sentences
consistently appear at early positions, while abnormalities concentrate toward
later sections (Figure 1). This positional regularity may become a harmful prior
during autoregressive training, resulting in “prediction inertia” and reduced ab-
normality sensitivity. (3) Existing medical VLMs [17,13,14] using reinforcement
learning (RL) mainly optimize answer accuracy, and final-answer-oriented re-
wards may leave intermediate reasoning under-constrained by the available re-
port supervision.

To address these issues, we propose Med3D-R1, a 3D medical VLM for
report-grounded and interpretable reasoning under report-based supervision.
Our contributions are threefold: (1) Residual Alignment Mechanism (RAM),
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(a) Stage 1. Supervised Fine-Tuning (c) Comprehensive benchmark of abnormality diagnosis on RAD-ChestCT

(b) Stage 2. Reinforcement Learning

Residual Alignment Mechanism

CLIP
3D ViT

<finding>
 Trachea and lumen of both main bronchi are open.
 No occlusive pathology was detected in the trachea and 
lumen of both main bronchi. 
 Calibration of thoracic main vascular structures is 
natural. 
 Calcified atherosclerotic changes were observed in the 
wall of the thoracic aorta.
 Heart sizes were significantly increased. 
 Pericardial thickening-effusion was not detected. 
 Thoracic esophagus calibration was normal.
 No significant pathological wall thickening was detected. 
   …
</finding>
<impression>
 Prominence of bilateral interlobular septa. 
 Mosaic attenuation pattern in both lungs. 
 Intraabdominal free fluid.
</impression>

The heart is significantly enlarged as shown in the images. 
This condition, known as cardiomegaly, suggests that there 
could be underlying heart conditions possibly affecting its 
function.
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Large Language Model

3D Vision Feature Extraction
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Weighted 
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Semantic 
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Caption-Answer （Abnormality Re-weighting）

VQA-Answer Caption-Instruction VQA- 

 Normal
 Abnormal

Vision 
Features

<3D-Image>Which condition is highlighted in this radiograph?
   A) Mosaic attenuation pattern   B) Pericardial effusion 
   C) Consolidation                         D) Lung nodule
1. Think through the question step by step, enclose your reasoning 
process in <think>...</think> tags. 2. Then provide the correct 
single-letter choice (A, B, C, D,...) inside <answer>...</answer> tags. 
3. No extra information or text outside of these tags.

<think>The radiograph shows a lung nodule in the right lung lower lobe, which is 
a focal area of abnormal tissue density. This finding is consistent with a lung 
nodule, which could be benign or malignant depending on its characteristics and 
further clinical correlation. The presence of a nodule without other signs of 
inflammation or infection suggests that it may not be an active mass lesion at 
this time. However, further evaluation, including possible biopsy or follow-up 
imaging, would be necessary to determine the nature of the nodule.</think> 
<answer>D</answer>

Report: A few millimetric nonspecific nodules and slight recessions in the upper 
lobe and lower lobe of the right lung. … … 

Large 3D Vision-language Model

Structural Reward
<think>…</think>

<answer>…</answer>

Accuracy  Reward
Correct Answer: +1; 

Incorrect Answer: 0

Consistency Reward
Reasoning-Report 

ConsistencyReference Model

Consistency: +0.8

Structural: +1

Accuracy: +1

Reward 
Model

GRPOKL Loss 

CE 
Loss

Input Output

Fig. 2. Overview of Med3D-R1. (a) Stage 1 supervised fine-tuning with RAM and
ARW. (b) Stage 2 reinforcement learning with structure, accuracy, and consistency
rewards. (c) Comparison with representative baselines on the RAD-ChestCT Multiple-
choice VQA test set, showing Med3D-R1 after SFT (S1) and RL (S2). Asterisks (*)
mark outputs post-processed due to invalid choice formats. Models without valid
<think>–<answer> outputs are omitted from accuracy. Compared methods include
general-purpose 2D VLMs [3,26], medical 2D VLMs [19,25,13,17]—two of which also
adopt GRPO-based reinforcement learning—and medical 3D VLMs [22,2,11,10,23].

a residual semantic anchor that regularizes volumetric tokens toward a reference
embedding, stabilizing 3D–text projection; (2) Abnormality Re-Weighting
(ARW), a token-level strategy that mitigates structural narrative bias and im-
proves abnormality sensitivity during supervised fine-tuning; and (3) reasoning-
aware reinforcement learning, which introduces a consistency reward to
align generated reasoning traces (<think>) with report-supported evidence and
penalize unsupported statements. Experiments on CT-RATE [10] and RAD-
ChestCT [6] demonstrate state-of-the-art abnormality diagnosis and improved
report-grounded reasoning transparency over existing 3D VLMs.

2 Method

Med3D-R1 follows a two-stage training paradigm consisting of supervised cross-
modal alignment and reasoning-aware RL. The model integrates three key com-
ponents: a RAM for stabilizing 3D–text feature projection, an ARW strategy
to mitigate structural narrative bias during SFT, and a consistency reward to
regulate the model’s reasoning process in RL. An overview of the framework is
shown in Figure 2 (a) (b), and we detail each module below.
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2.1 Residual Alignment Mechanisms

Direct projection of heterogeneous 3D CT features into the low-variance linguis-
tic embedding space often leads to unstable optimization, even after adaptive
weighted pooling [11]. To stabilize cross-modal alignment, RAM reformulates
the projection as a residual interpolation toward a fixed semantic reference.

Let E ∈ RV×D denote the token embedding matrix of the pretrained language
model, which defines the reference semantic space. We compute a non-trainable
semantic anchor as

sanchor =
1

V

V∑
j=1

Ej . (1)

Given a projected image token xi ∈ RD, RAM produces the stabilized rep-
resentation

zi = (1− σi)xi + σi sanchor, (2)

where the interpolation coefficient is obtained via

σi = σ(MLP([xi; sanchor])) , (3)

and σ(·) denotes the sigmoid function. This residual regularization reduces fea-
ture drift and yields more stable 3D–text alignment.

2.2 Abnormality Re-Weighting

Structured radiology reports follow a clinically meaningful anatomical ordering,
in which descriptions of normal structures typically appear earlier, while abnor-
mal findings are documented later in the sequence. This observed regularity can
act as a positional prior during autoregressive training, biasing generation toward
normal patterns and reducing sensitivity to clinically meaningful abnormalities.

To mitigate this effect, ARW applies token-level re-weighting based on sentence-
level normal/abnormal categorization. Each report is segmented into sentences
using rule-based preprocessing. DeepSeek-V3 [9] is then used to label each sen-
tence as normal, abnormal, or uncertain. The labels are used to adjust training
weights and do not modify the report content. The SFT objective becomes:

L = −
T∑

t=1

αt logP (ŷt = yt), (4)

αt =

{
λ, if yt lies in an abnormal sentence,
1, otherwise,

(5)

where λ > 1 increases the contribution of clinically informative abnormal tokens,
improving sensitivity under structurally biased training data.
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2.3 Rewarding Reasoning Consistency

Existing RL-based medical VLMs [13,17] primarily optimize final-answer accu-
racy, and such final-answer-oriented rewards may leave intermediate reasoning
under-constrained, allowing generated <think> traces to contain statements that
are not explicitly supported by the available report supervision. We introduce a
consistency reward that evaluates whether the generated reasoning aligns with
evidence in the reference radiology report.

Task Formulation. The abnormality diagnosis task is formulated as a Multiple-
choice Visual Question Answering (MVQA) problem. Given a CT volume and
a multiple-choice query, the model outputs a rationale enclosed in <think> tags
followed by the final choice in <answer> tags, allowing reasoning and answer
accuracy to be evaluated separately (Figure 2 (b)).

Consistency Reward. A reward model computes a continuous semantic similarity
score between the generated rationale tg and the reference report tr:

s = RM(tg, tr). (6)

Directly using this raw score as reward produces high-variance policy updates.
To improve stability, we discretize s into the ordinal set {0.0, 0.2, 0.4, 0.6, 0.8, 1.0}
via a quantization operator Q(·):

Rconsistency = Q(s). (7)

This variance-controlled shaping preserves the relative ordering of similarity
scores while preventing unstable gradients, which in turn supports a more stable
and consistent RL optimization trajectory during policy learning.

Overall Objective. The total reward combines structural, accuracy, and consis-
tency components:

Rtotal = Rstructural +Raccuracy +Rconsistency. (8)

We optimize this objective using GRPO [20] with group-normalized advantages
and a KL penalty that constrains the updated policy to remain close to the SFT
reference model. This formulation improves answer accuracy while encouraging
the generated reasoning to remain evidence-consistent with the reference report
under report-based supervision.

3 Experiment

3.1 Dataset

CT-RATE [10] The CT-RATE dataset contains 50,188 non-contrast chest CT
volumes from 21,304 patients, each paired with a radiology report and 18 auto-
matically extracted abnormality labels. We follow the official split with 47,149
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volumes for training and 3,039 for validation. During SFT, we jointly train on
report generation and 713,150 simple VQA pairs generated by GPT-4 [1]. These
VQA samples contain only direct question-answer pairs and do not include any
structured output template or reasoning traces. In the RL stage, the task is refor-
mulated as MVQA with one true abnormality and three distractors. A curated
subset covering 5% of patients (1,065 cases) is used for RL, while the official
validation set is used for all evaluations.

RAD-ChestCT [6] RAD-ChestCT provides 3,630 CT volumes with 84 abnor-
mality labels but no reports. It is used only as an external MVQA test set.
For consistency with CT-RATE, 27 labels are mapped to its 18 abnormalities,
following [12]. No model is trained or fine-tuned on RAD-ChestCT.

3.2 Implementation Details

We use the 3D ViT encoder from BrgSA [12] as the visual backbone and Qwen2.5-
3B-Instruct [26] as the language decoder. In Stage 1, the 3D encoder and the
language model are frozen; only the projection layer and the trainable com-
ponents of RAM are updated during supervised fine-tuning. In Stage 2, RL is
applied on the MVQA subset. The policy model—including the language model,
projection layer, and 3D encoder—is jointly optimized using GRPO [20] with a
KL penalty that constrains the policy to stay close to its SFT reference. RM-
Mistral-7B [24] serves as the reward model for computing the consistency reward.
The abnormality re-weighting factor is set to λ = 1.10.

3.3 Comparison with State-of-the-art Methods

To comprehensively evaluate Med3D-R1, we compare it with a diverse set of
state-of-the-art VLMs spanning three major categories: (1) general-purpose 2D
VLMs, applied to CT via montage [18] or DRR [5] projections; (2) medical-
domain 2D VLMs, pretrained or aligned using radiology data but still operating
on 2D representations; (3) medical 3D VLMs, which directly process volumet-
ric CT inputs and represent the most relevant competitors. These categories
cover the full spectrum from general to domain-specific and from 2D to true 3D
reasoning, ensuring a fair and comprehensive comparison.

As shown in Figure 2(c), general-purpose and medical 2D VLMs achieve
similar zero-shot performance when applied to CT via 2D projections. Despite
relying only on montage or DRR representations rather than full volumetric
inputs, these models retain strong cross-modal priors learned from large-scale
image–text pretraining, which allows them to maintain step-by-step reasoning
even when their overall accuracy remains modest.

Med3D-R1 (S1) also lies near this range (accuracy 26.6%) while producing
structured reasoning traces on volumetric inputs. After applying reasoning-aware
RL, Med3D-R1 (S2) improves substantially to 45% accuracy, surpassing both
general-purpose and medical 2D VLMs (maximum 35.2%) and achieving the
best combination of diagnostic accuracy and evaluated reasoning scores in this
comparison.
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3.4 Ablation Studies

We evaluate the contributions of the three key components of Med3D-R1: the
RAM, the ARW, and the consistency reward used in the RL stage. All ablations
are performed on the CT-RATE validation set: RAM and ARW are assessed
through the report-generation task, while the consistency reward is evaluated
using the MVQA task.

Table 1. Ablation study of RAM and ARW on CT-RATE (report-generation task).
B-Avg and R-Avg denote the averaged BLEU-1/2/3/4 and ROUGE-1/2/L scores. ∗

indicates p < 0.05 and † indicates p < 0.005 vs. the full model (paired t-test).

RAM ARW B-Avg R-Avg METEOR CIDEr BERT_F1 LLM_Score

✓ ✓ 29.66 43.66 36.18 23.86 88.70 80.48
✓ × 27.70∗ 42.88∗ 35.16∗ 20.22∗ 88.47∗ 79.50†

× ✓ 28.56∗ 42.87† 35.49∗ 22.51∗ 88.41† 79.49†

× × 26.82† 41.87† 34.43† 22.07∗ 88.21† 78.48†

Effectiveness of RAM and ARW. Table 1 shows that removing either module
causes statistically significant performance drops across all metrics. Removing
ARW yields the largest decline in CIDEr, indicating reduced sensitivity to rare
abnormal terms. Removing RAM primarily affects BERT_F1 and LLM_Score,
reflecting weakened semantic grounding. Disabling both modules results in the
lowest overall performance, confirming that ARW improves abnormal sensitivity
while RAM stabilizes global 3D–text alignment.

Table 2. Reasoning evaluation with and without the consistency reward on the CT-
RATE validation set. The metrics Clinical, Clarity, Differential Diagnosis (Diff.Dx),
and Conciseness (Concis) are scored on a 0–5 scale. ∗ indicates p < 0.0001 compared
with the baseline.

Judge Consistency Reward Clinical Clarity Diff.Dx Concis

Radiologist × 3.13 3.14 3.08 3.26
Radiologist ✓ 3.53∗ 3.48∗ 3.35∗ 3.50∗

Deepseek-V3 × 3.53 3.53 2.64 3.69
Deepseek-V3 ✓ 4.29∗ 4.08∗ 3.54∗ 3.90∗

Effectiveness of the Consistency Reward. We further evaluate the effect of the
consistency reward on report-grounded reasoning using two independent judges:
a radiologist and DeepSeek-V3. As shown in Table 2, adding the reward in-
creases the scores for Clinical, Clarity, Differential Diagnosis, and Conciseness,
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with all gains statistically significant (p < 0.0001). These gains suggest that the
consistency reward encourages generated <think> traces to align with report-
supported evidence and discourages unsupported statements under report-based
supervision.

Table 3. Evaluation of different λ on report generation. B-Avg and R-Avg denote
averaged BLEU and ROUGE scores.

λ B -Avg R -Avg METEOR CIDEr BERT_F1 LLM_Score

1.06 28.53 43.18 36.10 23.55 88.69 79.88
1.08 28.75 43.34 35.86 23.07 88.49 80.24
1.10 29.66 43.32 36.18 23.86 88.70 80.48
1.12 25.03 41.62 32,92 14.78 88.20 79.14
1.14 29.22 42.72 35.76 21.14 88.27 79.06

Effect of λ in ARW We vary the abnormal-token weight λ in ARW from 1.06 to
1.14 and report results in Table 3. Performance peaks at λ = 1.10, which provides
the best balance between emphasizing abnormal content and maintaining text
quality. Larger values overemphasize abnormalities and reduce generalization,
while smaller values underweight abnormal terms. These results confirm that
moderate re-weighting is beneficial for addressing structural narrative bias.

Table 4. Impact of reward-output quantization on consistency-reward evaluation. All
metrics are scored on a 0–5 scale by the Deepseek-V3 automatic evaluator. An asterisk
(∗) indicates p < 0.0001 versus w/o quantization.

Judge quantization Clinical Clarity Diff.Dx Concis

Deepseek-V3 × 2.82 3.28 2.31 3.27
Deepseek-V3 ✓ 4.29∗ 4.08∗ 3.54∗ 3.90∗

Effectiveness of Reward Quantization Because the reward model is pretrained
on general-domain text, its raw similarity scores exhibit a domain mismatch
when applied to medical reasoning. This leads to biased reward magnitudes
and unstable optimization during RL. Quantizing the scores into ordinal levels
mitigates these effects, producing more stable updates and clear improvements
across all four reasoning metrics (Table 4, p < 0.0001).

Reward Model Comparison We also compare different reward models in Table 5.
Qwen-2.5-7B and Llama-3-8B provide inconsistent or even harmful supervision,
whereas the discriminative RM-Mistral-7B yields the highest judged reasoning
scores. This suggests that discriminative reward models are better suited for
assessing report-supported rationales than generative LLMs.
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Table 5. Average evaluation scores across different reward models in consistency re-
ward. All metrics range from 0 to 5 and are assessed by Deepseek-V3. An asterisk (∗)
indicates p < 0.0001 compared with RM-Mistral-7B.

Reward Model Clinical Clarity Diff. Dx Conciseness Total

Qwen-2.5-7B [26] 3.11∗ 3.52∗ 2.85∗ 3.42∗ 12.90
Llama-3-8B [8] 3.06∗ 3.45∗ 3.39∗ 3.06∗ 12.96
RM-Mistral-7B [24] 4.29 4.08 3.54 3.90 15.81

4 Conclusion

We propose Med3D-R1, a 3D medical VLM that improves CT abnormality di-
agnosis while encouraging report-grounded and evidence-consistent intermedi-
ate reasoning under report-based supervision. RAM stabilizes 3D–text align-
ment, ARW enhances abnormality sensitivity, and the consistency reward guides
<think> traces toward report-supported evidence rather than unsupported state-
ments. Experiments on CT-RATE and RAD-ChestCT demonstrate clear gains
over prior 2D and 3D VLMs. Med3D-R1 provides a concise and effective frame-
work for 3D medical vision–language modeling with more report-aligned rea-
soning traces. To the best of our knowledge, we are the first to identify the
positional bias inherent in structured radiology reports and to introduce ARW
as an effective remedy for this issue.
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