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Abstract

Vision—language models (VLMs) for 3D computed tomography (CT) analysis face
the dual challenge of achieving precise visual grounding in high-dimensional data
while maintaining computational efficiency. Although state-of-the-art models with
multi-billion-parameter decoders have demonstrated strong performance, their at-
tention mechanisms are often distracted by clinically irrelevant but visually similar
confounding features, leading to errors in reasoning. To mitigate this, we introduce
Dual-Polarity Bounding Box Prompting, a novel visual instruction method that
provides both positive and negative spatial cues. For each question, we overlay a
green box on the region of interest (ROI) and a red box on a plausible but incorrect
distractor region. This contrastive prompting scheme explicitly trains the model
to focus its attention on relevant evidence while actively ignoring confounding
information. We pair this technique with compact Qwen decoders (0.5B to 3B
parameters) and evaluate it on the RadGenome-ChestCT and PMC-VQA bench-
marks. Our results show that this dual-prompt strategy substantially improves both
closed-ended and open-ended VQA performance. Notably, our 1.5B model, guided
by dual-polarity prompts, surpasses the accuracy of a 7B baseline model, demon-
strating that explicit negative guidance is a highly effective, parameter-efficient
approach to enhancing the reliability and evidence-based reasoning of medical
VLMs.

1 Introduction

The interpretive burden on radiologists has significantly increased due to the escalating volume of
computed tomography (CT) scans in clinical workflows (1). While existing artificial intelligence
tools offer assistance, they are often designed for narrow, single-pathology detection tasks and
thus fall short of the holistic reasoning required for complex cases (2). Vision—-Language Models
(VLMs) present a more comprehensive solution, enabling natural language interaction with medical
images. However, extending these models to volumetric 3D data introduces formidable computational
challenges, primarily due to the high memory demands of large language decoders and the cubic
scaling of feature tensors (16)).

Recent models such as Med3DVLM have demonstrated the feasibility of high-performance 3D
medical VQA, but they rely on massive 7-billion-parameter decoders, which limits their practical
deployment in clinical settings due to significant hardware requirements (3)). This has motivated a
shift towards more efficient methodologies, including Parameter-Efficient Fine-Tuning (PEFT)



techniques like Low-Rank Adaptation (LoRA) (18) and the adoption of smaller yet powerful
language models (10;[11).

Beyond computational efficiency, a critical limitation of current VLMs is their vulnerability to
visual distractors. These models often struggle to differentiate a true pathological finding from a
benign structure or artifact that appears visually similar—a fundamental task in differential diagnosis.
Existing visual prompting methods attempt to improve spatial grounding by highlighting the region
of interest (ROI) with visual cues like contours or scribbles (8;19). However, these "positive-only"
prompts do not explicitly teach the model what to ignore, leaving it susceptible to confounding
features elsewhere in the image.

To address this gap, we introduce Dual-Polarity Bounding Box Prompting, a novel contrastive
visual instruction strategy. Our approach supplements the standard positive prompt (a green box
on the ROI) with a negative prompt (a red box on a distractor region). This mechanism forces the
model to develop more robust, evidence-based reasoning. We demonstrate that this technique enables
a compact 1.5B parameter model to outperform a 7B baseline, proving that teaching a model what to
ignore is as important as teaching it where to look.

2 Related Work and Background

2.1 Volumetric Vision-Language Foundations

The transition from 2D radiographs to 3D medical VLMs was enabled by two key advancements:
specialized encoders and large-scale, grounded datasets.

* Architectures: The DCFormer model introduced an efficient architecture for processing
3D data without prohibitive computational costs (12). Building upon this, Med3DVLM
achieved state-of-the-art performance on the M3D benchmark, establishing the efficacy of
large language modules for reasoning over volumetric data (355 [15)).

» Datasets: Progress has been significantly fueled by richly annotated datasets. RadGenome-
ChestCT provides over a million question-answer pairs grounded in segmentation masks
(4), while datasets like PMC-VQA offer diverse questions across various medical imaging
modalities (16).

2.2 Parameter-Efficient Adaptation
Fine-tuning billion-scale models is often infeasible in resource-constrained environments.

* LoRA: Low-Rank Adaptation (LoRA) is a pivotal technique that freezes a model’s pre-
trained weights and fine-tunes only a small set of injected adapter matrices, dramatically
reducing the number of trainable parameters (18)). This strategy has been successfully
applied to medical multimodal tasks in models such as PeFoMed (11).

* Efficient Models & Kernels: The development of smaller, yet highly capable language
models like the Qwen 2.5 family provides efficient alternatives to massive decoders (10).
Furthermore, optimized software kernels like FlashAttention accelerate training by enhanc-
ing the speed and memory efficiency of the core attention mechanism (175 25)).

2.3 Explicit Spatial Prompting

To ensure models base their reasoning on visual evidence rather than dataset biases, visual prompting
methods explicitly guide model attention.

* Positive Prompts: Initial works like ViP-LLaVA and Med VP demonstrated that overlaying
visual cues such as colored outlines on 2D images can effectively ground a model’s reasoning
(8519).

* QOur Contribution (Negative Prompts): These existing approaches, however, exclusively
provide positive guidance. Our work introduces the concept of negative visual prompts
to train the model to actively suppress attention to known confounders, thereby fostering a
more robust and advanced reasoning capability.



3 Methodology

3.1 Dual-Polarity Visual Prompt Generation

Our core contribution is a visual prompting scheme that provides both positive and negative spatial
guidance. For each question-answer pair grounded in a region of interest (ROI), we generate two
distinct visual cues on every relevant 2D slice of the 3D CT volume.

1. Positive Prompt (Green Box): From the ground-truth segmentation mask M of the target
anatomy, we compute the minimal bounding box that encloses the ROI. This box is rendered
as a 3-pixel-thick green outline on each intersecting 2D slice. This serves as the primary
instruction, directing the model’s attention to the relevant evidence.

2. Negative Prompt (Red Box): To train the model to ignore distractors, we generate a
negative bounding box. The distractor region is selected by sampling a different anatomical
structure, often one that is nearby or visually similar to the ROI (e.g., a healthy blood vessel
near a lung nodule, or a rib artifact). We use masks from a pre-trained segmentation model
like VISTA-3D (14) to identify these candidate distractor regions. A bounding box is then
drawn around the selected distractor and rendered as a 3-pixel-thick red outline.

This process transforms a standard CT volume into a visually prompted volume where each slice
contains clear "go" and "no-go" signals for the model’s attention mechanism.

3.2 Prompt-Conditioned Model and Instruction Tuning

Our model architecture builds upon Med3DVLM, retaining the frozen DCFormer encoder (12). We
replace the decoder with more compact Qwen-2.5 language models (10) and fine-tune them using
LoRA adapters (18). The integration of our dual-polarity prompts occurs at the input level.

The visually prompted 3D volume (with green and red boxes) is fed to the vision encoder. Crucially,
we rewrite the corresponding textual prompt to make the model aware of the visual cues. A given
question ¢ is programmatically transformed into an instruction-following format:

"Referring to the CT images, answer the following question based on the
anatomy inside the green-outlined area, while ignoring anything inside the
red-outlined area. Question: [original question q]"

This explicit textual instruction, combined with the visual boxes, creates a powerful, multi-modal
signal that conditions the model to perform contrastive reasoning. The combined visual and textual
embeddings are fused and processed by the Qwen decoder to generate an answer.

3.3 Training Objective

We train the model end-to-end on the VQA task. Since our datasets contain both closed-ended (e.g.,
yes/no, multiple choice) and open-ended (free-text) questions, we use a composite loss function.

‘Ctotal = Aclsﬂfocal + )\gen‘cnll

where:

* Ltoca is the Focal Loss (19) for the closed-ended VQA task. This loss function effectively
handles class imbalance by down-weighting the loss attributed to well-classified examples,
allowing the model to focus on harder, less frequent cases.

e L,y is the standard token-level Negative Log-Likelihood loss for the auto-regressive
open-ended answer generation task.

* Acs and Age,, are hyper-parameters to balance the two tasks, which we set to 1.0.

During training, only the LoRA adapter weights and the language model’s normalization layers are
updated, making the process highly parameter-efficient.



4 Experiments

4.1 Datasets and Preprocessing

We evaluate our approach on two large-scale medical VQA benchmarks. RadGenome-ChestCT
(4) is a comprehensive 3D dataset featuring 25,692 chest CT volumes linked to approximately 1.3
million grounded question-answer pairs. It provides organ-level segmentation masks, which we use
to generate the positive bounding boxes. We adhere to the official patient-level 70/10/20 split to
prevent data leakage. PMC-VQA (16) is a diverse 2D dataset containing over 227,000 QA pairs from
149,000 images sourced from biomedical literature. We filter this dataset for CT images, resulting
in 91,000 QA pairs. An article-level 80/10/10 split is used to ensure train and test sets are distinct.
For both datasets, we generate our dual-polarity prompts offline. Negative prompts are created by
selecting distractor regions from non-target anatomical masks provided by the VISTA-3D model (14).

4.2 TImplementation Details

All models were trained on a single NVIDIA A6000 GPU with 48 GB of VRAM, using PyTorch
2.2 and Flash-Attention 3 (17) for memory and speed optimization. We employed mixed-precision
(b£16) training. The AdamW optimizer (20) was used with 5; = 0.9, 52 = 0.98, and a weight decay
of 0.01 applied only to the LoRA adapter weights. We used a cosine learning rate schedule with 500
warm-up steps, with a peak learning rate of 2 x 10~ for the 0.5B and 1.5B models, and 1 x 10~
for the 3B model. All vision encoder weights remained frozen. We trained rank-16 LoRA adapters
(18) on the attention and feed-forward layers of the Qwen decoders for 25 epochs.

4.3 Baselines and Evaluation
We compare three experimental conditions across the 0.5B, 1.5B, and 3B Qwen decoder variants.

1. No Prompt: The standard baseline where models are trained on original images and text
without any visual cues.

2. Positive Prompt Only: An ablation study where models are guided only by the positive
(green) bounding box around the ROI.

3. Dual-Polarity Prompt (Ours): The proposed method using both positive (green) and
negative (red) bounding boxes.

For reference, we also include the reported performance of the original 7B parameter Med3DVLM as
a high-end baseline. We evaluate closed-ended VQA using Accuracy (ACC) and open-ended VQA
using BLEU-4, ROUGE-L, and METEOR.

4.4 Results and Discussion

Table 1 presents the main results of our VQA experiments. Several key trends are evident. First,
across all model sizes, providing a Positive Prompt consistently improves performance over the No
Prompt baseline, confirming that explicit spatial guidance is beneficial.

Second, and most importantly, our Dual-Polarity Prompt method yields the highest performance
in all settings. The addition of a negative prompt provides a significant boost over the positive-
only prompt, particularly for open-ended metrics like METEOR on PMC-VQA, which require
more nuanced reasoning. This demonstrates that teaching the model what to ignore is a powerful
mechanism for reducing confusion and improving focus.

Finally, our results highlight a remarkable improvement in parameter efficiency. The 1.5B model
equipped with dual-polarity prompts not only surpasses the 3B model without prompts but also
achieves performance that is highly competitive with—and in some cases exceeds—the 7B baseline.
For instance, on RadGenome-ChestCT, our guided 1.5B model achieves 75.2% accuracy, outper-
forming the unguided 3B model (72.7%) and approaching the 7B baseline (79.9%). This shows that
our contrastive prompting scheme can compensate for a smaller parameter count by fostering more
efficient and accurate reasoning.




Table 1: VQA performance on RadGenome-ChestCT (Closed-Ended) and PMC-VQA (Open-Ended).
Our Dual-Polarity Prompt method enables smaller models to match or exceed larger baselines. All
scores are percentages (%). Best performance for each model size is in bold.

2*Size 2*Prompt Type = RadGenome-ChestCT \ PMC-VQA

ACC B-4 R-L MET|ACC B-4 R-L MET
7B Med3DVLM 79.9 48.1 512 368|754 345 37.1 325
3#3B  No Prompt 72.7 46.6 49.5 335 |71.8 32.1 354 317

Positive Only 75.1 479 50.8 352|735 335 369 329
Dual-Pol. (Ours) 76.5 48.8 51.9 36.4 | 74.6 34.8 379 33.8

3*1.5B No Prompt 70.1 443 47.6 314|695 295 332 288
Positive Only 73.0 46.1 49.2 338 | 71.8 31.6 35.1 309
Dual-Pol. (Ours) 75.2 47.5 50.6 35.5|73.1 329 36.2 32.1

3*0.5B No Prompt 67.8 41.1 449 298 | 662 25.1 283 239
Positive Only 69.5 432 465 315 |68.0 272 304 26.1
Dual-Pol. (Ours) 71.3 44.8 479 33.1 | 694 28.9 31.8 275

5 Conclusion

In this work, we addressed the critical challenge of visual grounding and distractibility in 3D medical
VLMs. We introduced Dual-Polarity Bounding Box Prompting, a novel contrastive prompting
technique that guides model attention using both a positive (green) cue for the region of interest and a
negative (red) cue for a confounding distractor. By coupling this method with parameter-efficient
Qwen decoders, we demonstrated a powerful and practical approach to building robust medical VQA
systems.

Our experiments on RadGenome-ChestCT and PMC-VQA confirmed that this dual-prompt strategy
significantly enhances model performance across all metrics. By explicitly teaching the model
to focus on relevant evidence while inhibiting attention to irrelevant features, our method fosters
a more nuanced and reliable reasoning process. The most compelling finding is that our guided
1.5B parameter model achieves performance competitive with a 7B baseline, showcasing a superior
trade-off between accuracy and computational cost.

This work has limitations that open avenues for future research. Our method currently relies on
pre-computed segmentation masks to generate prompts. Future work could explore end-to-end
models that learn to generate these spatial prompts dynamically. Furthermore, the selection of
negative prompts is currently heuristic; developing a more advanced strategy, perhaps using an
adversarial approach to identify the most challenging distractors, could yield further improvements.
Finally, extending and validating this contrastive prompting approach on other medical imaging
modalities, such as MRI and PET, is a promising direction. Ultimately, by enabling finer-grained
control over model attention, we believe our work represents a key step towards developing safer,
more interpretable, and clinically trustworthy Al assistants.
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