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Abstract. Large vision-language models (LVLMs) achieve strong per-
formance on general-domain tasks. Supervised fine-tuning (SFT) is com-
monly used for domain adaptation. However, unlike traditional pretrain-
finetune paradigms, the benefits of large-scale pretraining do not re-
liably transfer to LVLMs in medical image analysis. Using the pro-
posed DePass-VL framework, we quantitatively analyze the failure of
LVLMs. Together with attention-based qualitative analysis, we find that
LVLMs struggle to effectively focus on task-relevant regions, indicating
a lack of fine-grained vision-language semantic alignment. Although pre-
trained LVLMs exhibit strong 2D spatial alignment, this capability is
not effectively activated during SFT. To address this gap, we propose
Localization-Grounded Supervision (LGS), which introduces explicit lo-
calization signals to accelerate semantic alignment and improve both
performance and interpretability. For 3D medical imaging tasks, pre-
trained LVLMs lack intrinsic 3D spatial alignment due to limited vol-
umetric exposure. We therefore incorporate 3D anatomical localization
data through multi-task learning to jointly build spatial and semantic
alignment in 3D space. Experiments across anatomical regions, imaging
modalities, model architectures, and parameter scales demonstrate that
LGS is a simple yet effective paradigm for LVLM adaptation in medical
image analysis. The code is available at: https://github.com/MSIIP /LGS
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1 Introduction

The rapid progress of large language models (LLMs) have accelerated the devel-
opment of large vision-language models (LVLMs) [15, 2|. Both proprietary [1, 19]
and open-source LVLMs [3,22] have demonstrated strong zero-shot generaliza-
tion across multimodal tasks [24, 23]. However, for complex and domain-specific
tasks such as medical image analysis, zero-shot performance often remains insuf-
ficient for reliable deployment [20, 14]. In practice, supervised fine-tuning (SFT)
remains a fundamental approach for domain adaptation.

In traditional deep learning (DL), pretrained encoders consistently improve
downstream performance (Tab. 1) compared to training from scratch [17, 26,
5]. However, this empirical pattern does not reliably extend to LVLMs. In fine-
grained diagnostic tasks, such as small-lesion lung nodule detection, LVLMs
pretrained on large-scale multimodal corpora often exhibit limited performance
gains after SFT. The advantages of pretraining are not fully translated into
downstream improvements, suggesting that transfer dynamics in LVLMs may
differ fundamentally from those in conventional DL models.

To investigate this discrepancy, we analyze LVLM behavior from both qual-
itative and quantitative perspectives. Attention visualization reveals that under
vanilla SF'T, attention distributions are diffuse and fail to consistently concen-
trate on task-relevant regions. To quantify this phenomenon, we propose DePass-
VL, the first adaptation of DePass [12] to LVLMSs, enabling regional contribution
analysis for LVLMs. By combining attention inspection with decomposed for-
ward attribution, we identify insufficient fine-grained vision-language semantic
alignment as the primary factor limiting SFT performance.

Motivated by this finding, and recognizing that large-scale pretraining has
endowed LVLMs with well-established 2D vision-language spatial alignment [13,
25], we introduce Localization-Grounded Supervision (LGS). LGS incorporates
explicit localization signals into task data, leveraging pretrained spatial align-
ment to accelerate the formation of fine-grained semantic alignment during SFT.
This complementary supervision mechanism not only improves downstream per-
formance but also enhances spatial interpretability.

We note that localization coordinate prediction and grounded medical VLMs
have been explored in prior works [4,16,6,27]. Our goal is not to claim coor-
dinate prediction itself as a new capability. Instead, we use localization as a
simple supervision interface to revisit vanilla SF'T of off-the-shelf LVLMs in fine-
grained medical image analysis. In this setting, LGS is designed to test whether
explicit spatial supervision can help LVLMs better leverage their pretrained spa-
tial alignment and form task-relevant semantic alignment during SFT.

Beyond 2D tasks, 3D medical image analysis presents additional challenges.
Most existing LVLMs have limited exposure to volumetric data during pretrain-
ing and therefore lack intrinsic 3D vision-language spatial alignment. Since se-
mantic alignment depends on spatial grounding, directly applying LGS to 3D
tasks may yield limited gains. To address this issue, we introduce 3D anatomical
localization data and adopt a multi-task learning strategy to jointly construct
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spatial and semantic alignment in volumetric space, thereby extending LGS to
3D medical imaging scenarios.
Our main contributions are summarized as follows:

1. We conduct systematic quantitative and qualitative analyses of LVLM be-
havior based on the proposed DePass-VL framework and attention visu-
alization, indicating that insufficient fine-grained semantic alignment is an
important factor in fine-grained medical tasks.

2. We introduce LGS, a simple and architecture-agnostic training strategy that
incorporates explicit localization signals to leverage pretrained spatial align-
ment and accelerate semantic alignment during SFT.

3. For 3D medical imaging tasks where pretrained LVLMs lack intrinsic 3D
spatial alignment, we integrate 3D anatomical localization data via multi-
task learning to jointly construct spatial and semantic alignment in 3D space.
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Fig. 1. (a) Traditional DL benefits significantly from pretrained encoders. (b) Vanilla
SFT fails to establish fine-grained vision-language semantic alignment and does not
effectively leverage the pretrained spatial alignment of LVLMs. (¢) LGS introduces
explicit localization signals to leverage pretrained spatial alignment and accelerate
semantic alignment. In 3D scenarios, incorporating anatomical localization data with
joint training enables the construction of both spatial and semantic alignment.

alignment

2 Why Vanilla SFT Fails?

2.1 DePass-VL Analysis

For comprehensive attribution analysis, we propose DePass-VL, the first adap-
tation of DePass [12] to LVLMs, supporting region-level contribution analysis.
Following the notation in Sec. 2.2, let the Transformer [21] decoder hidden states
of the LVLM at layer [ be

h(® e RV*4, (1)
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Fig. 2. (a) The y-axis shows the ratio between the contribution from task-relevant
image regions and that from non-relevant regions. A value greater than 1 indicates
that the relevant regions contribute more to the final answer. Gray lines connect the
same samples under vanilla SFT and LGS. (b) The y-axis shows the per-sample relative
ratio of contribution scores between Vanilla SF'T and LGS. A value below 1 indicates
that LGS increases the LVLM’s focus on task-relevant regions for that sample.

We introduce a decomposed representation hge)c, such that the hidden states
remain additively decomposed:

M—-1
Wi, = 3 h) [i,m. ). (2)
m=0

In our setting, we set M = 3, corresponding to task-relevant image regions Ry ¢,
non-relevant image regions Ry ,r, and other tokens Rp. At the embedding layer
(I = 0), the decomposition is initialized by masking:

hOfi 2], ifm=0,i€ Ry,
hO[i,:], ifm=1, i€ Ryu,
h©[i ], ifm=2 i€cRo,

h(o)

dec (3)

[i,m,:] =

0, otherwise.

As shown in the DePass paper [12], due to the linearity of MHSA, residual
connections, and linear projections within each decoder layer, the decomposed
components remain linearly additive throughout forward propagation. Let w,
denote the LM head vector corresponding to target token y. For the answer
position index t = N,, + Ny + N,, the component-wise contribution scores are

score}j’tr = W;hgég [t,0,:], (4)
scoreg‘l/’nr = W;—hgig [t,1,:], (5)

scorel? = w;hff;}: [t,2,:]. (6)
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These scores quantify the exact contribution from task-relevant regions, non-
relevant regions, and other tokens to the final prediction.

As shown in Fig. 2, under vanilla SF'T, the contribution ratio between task-
relevant and non-relevant regions is close to 1, indicating insufficient fine-grained
vision-language semantic alignment and weak reliance on relevant regions.

2.2 Attention-Based Analysis

Fig. 3. (al)(bl)(cl)(d1) show the original images of four different samples, with lesions
highlighted by red bounding boxes. (a2)(b2)(c2)(d2) present the corresponding atten-
tion maps obtained after vanilla SFT. (a3)(b3)(c3)(d3) show the attention distributions
produced by LVLMs trained with LGS.

Since the language decoder of LVLMs is based on the Transformer [21] archi-
tecture, we analyze self-attention weights to measure how answer tokens attend
to image regions. Let the input to a decoder layer be

h = [h,;h,;h,] € RV*E (7)

where N = N, + Ny, + N,, and h,, h,, h, denote image, question, and answer
tokens, respectively.
For the [-th layer and m-th head, the scaled dot-product attention is

(t,m) (LmyT
hw hw
ALm) — Softmax<( @ )Wy ) > , (8)

Vdp,

where dj, is the head dimension and A(¢:™) ¢ RN*N,
We focus on the attention from answer tokens to image tokens. For the i-th
answer token,

(ym) _ A (Im)
T—v ANU+Nq+i71, 0:N,—1 (9)

which represents its attention distribution over image tokens. Since image tokens
correspond to patches, agl_’::i) can be reshaped to the spatial layout of the image.
As shown in Fig. 3, the LVLM trained with vanilla SFT exhibits diffuse

attention patterns and fails to consistently focus on task-relevant regions.
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3 Localization-Guided Supervision

Under the vanilla SFT setting, disease diagnosis tasks typically require LVLMs
to directly predict the diagnostic outcome (see Fig. 1). For complex cases, par-
ticularly when lesions are small, such outcome-only supervision provides limited
spatial constraints, making it difficult for LVLMs to consistently focus on diag-
nostically relevant regions during training.

To strengthen the supervision signal, LGS adopts a complementary output
format in which LVLMs predict both the diagnostic result and the corresponding
localization coordinates, e.g., “Yes, [Zmin, Ymins Tmax, Ymax]-* Training follows the
standard autoregressive next-token cross-entropy objective. Specifically, given an
input image-text pair X and a target response sequence Y, the training loss is

T
Lras = — Y _logpo(ye | y<s, X), (10)

t=1
where Y contains both the answer and textual localization coordinates. By ex-
plicitly incorporating spatial information into the target sequence, this design
promotes the establishment of fine-grained vision-language semantic alignment.
Importantly, the coordinate format shown in Fig. 1 is aligned with the official
demonstration format [3], allowing the model to better leverage its pretrained 2D
vision-language spatial alignment. In contrast, pretrained LVLMs lack intrinsic
spatial alignment for 3D medical images due to limited volumetric exposure.
To address this gap, we introduce 3D localization tasks and employ multi-task

learning to jointly construct spatial and semantic alignment during SFT.

4 Experiment

4.1 Implementation Details

DePass-VL is implemented based on the official DePass [12] repository. Model
training is conducted using ms-swift [29], with Qwen3-VL-2B-Instruct [3] as the
base model. The batch size is set to 128. We use AdamW optimizer with an
initial learning rate of 2 x 10~® and a warm-up ratio of 0.03.

4.2 2D Disease Diagnosis

To mitigate pretraining-data overlap, we derive 2D slice-level lesion-presence
classification datasets from 3D segmentation data, rather than original 3D seg-
mentation tasks. For example, in LUNA16 [18], we select CT scans with a single
lung nodule, use the middle slice of the nodule mask as the positive sample, and
use an adjacent slice just outside the mask boundary as the negative sample.
This design creates lesion-near negatives and reduces coarse anatomical short-
cuts. Following this strategy, we construct a lung nodule diagnosis dataset based
on LUNA1G6 [18] and a vestibular schwannoma diagnosis dataset based on Cross-
MoDA2021 [7], both with a balanced 1:1 ratio of positive and negative samples.
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Table 1. Fine-tuning performance on 2D disease diagnosis.

Method Dataset Accuracy| F1

CNN [11] (From scratch) LUNA16 0.5530 |0.5755
ONN [11] (Pretrained) LUNA16 0.6439 | 0.6116
ViT [8] (From scratch) LUNA16 0.5227 |0.3226
ViT [8] (Pretrained) LUNA16 0.5530 | 0.5203
CLIP [17] LUNA16 0.5909 |0.5714
SigLIP [26] LUNA16 0.5606 |0.5151
DINO [5] LUNA16 0.5833 |0.6154
Qwen3-VL [3] (Vanilla SFT)[LUNA16 0.5227 | 0.6702
Qwen3-VL [3] (LGS) LUNAL6 0.7652 [0.7559
Qwen3-VL [3] (Vanilla SFT)|CrossMoDA2021| 0.5938 |0.6176
Qwen3-VL [3] (LGS) CrossMoDA2021| 0.9844 |0.9846

Vanilla SFT and LGS are compared under the same base model, data split,
learning rate, batch size, optimizer, training epochs, parameter-freezing strat-
egy, and prompt setting, with the only intended difference being that LGS adds
localization coordinates to the answer target. As shown in Tab. 1, LGS con-
sistently outperforms vanilla SFT on disease diagnosis datasets across different
anatomical regions, demonstrating its effectiveness.

4.3 3D Report Generation

0.421 0.263
0.382 0391 0.253
0.351 0.238 0.673
. Vanilla 0.168
Vanilla ng (se0) 0.643
L seq
LGS LGS (joint) 0.625
(a1) F1 (a2) CRG (b1) F1 (b2) loU

Fig. 4. (al)(a2) Fine-tuning performance on 3D report generation using RadGenome-
Chest CT. (bl) Fine-tuning performance on filtered RadGenome-Chest CT, retaining
only samples with both reports and segmentation masks. (b2) 3D localization perfor-
mance of LGS-trained LVLMs on the filtered dataset.

We construct a chest CT report generation benchmark based on RadGenome-
Chest CT [28]. Generated reports are evaluated using the official VLM3D Chal-
lenge framework [10], with emphasis on clinically relevant metrics, including F1
Score and CRG Score [9]. To control token length for 3D data, CT volumes are
resized to 128 x 256 x 256 and provided to the LVLM in a video-like format.
As shown in Fig. 4 (a), LGS significantly outperforms vanilla SFT in report
generation. Since not all CT cases in the original dataset contain both reports
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and segmentation masks, we further train on a filtered subset with matched
annotations, where LGS achieves larger performance gains (Fig. 4 (bl)).

Given the limited 3D spatial alignment of pretrained LVLMs, we construct
a 3D anatomical localization VQA dataset using masks from RadGenome-Chest
CT. This 3D localization task is integrated with LGS in both sequential and
multi-task joint training settings. Results (Fig. 4 (bl)) indicate that incorpo-
rating 3D localization further improves report generation performance, with
multi-task learning achieving the best results. The 3D localization outcomes
(Fig. 4 (b2)) demonstrate accurate region-level grounding, confirming that LGS
enhances spatial alignment in 3D scenarios.

4.4 Robustness Across Architectures and Scales

(a) Qwen3-VL 2B (Vanilla) 4B (Vanilla) 8B (vanila) () InternVL3.5 2B (Vanilla) —— 4B (Vanilla) —8B (Vanilla)
2B (LGS) 4B (LGS) 8B (LGS) 2B (LGS) 4B (LGS) 8B (LGS)
1.0 1.0
0.8 0.8
o 0.6 06
< <
0.4 0.4
0.2 0.2
0.0 0.0
12345678 91011121314151617181920 12345678 91011121314151617181920
Epoch Epoch

Fig. 5. Fine-tuning performance of disease diagnosis (LUNA16) for (a) Qwen3-VL and
(b) InternVL3.5 across different parameter scales.

To evaluate the robustness of LGS, we conduct experiments on LVLMs with dif-
ferent architectures and parameter scales, including the 2B, 4B, and 8B variants
of Qwen3-VL [3] and InternVL3.5 [22]. As shown in Fig. 5, vanilla SFT exhibits
performance limitations across architectures and model scales, whereas LGS con-
sistently yields performance gains. Results suggest that insufficient fine-grained
vision-language semantic alignment is a common issue during LVLM fine-tuning,
and that LGS provides a robust and architecture-agnostic solution.

4.5 Alignment Behavior and Attention Analysis

As shown in Fig. 2 and 3, vanilla SFT exhibits diffuse attention for task-relevant
regions, indicating insufficient fine-grained vision-language semantic alignment.
In contrast, LGS concentrates answer-token attention on relevant image regions,
reflecting stronger spatial grounding and more stable semantic alignment.

5 Conclusion

We investigate the limitations of SFT for LVLMs in medical image analysis
through qualitative attention analysis and the proposed quantitative framework
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DePass-VL. Our study reveals that insufficient fine-grained vision-language se-
mantic alignment is the primary cause of performance degradation. To address
this issue, we introduce LGS, which leverages pretrained spatial alignment by
incorporating explicit localization signals into task data, improving both per-
formance and interpretability. For 3D scenarios, we further combine LGS with
multi-task learning to explicitly construct volumetric spatial alignment. Overall,
LGS provides a simple, scalable, and architecture-agnostic paradigm for effective
domain adaptation of LVLMs.
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