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Abstract

Lesion detection, symptom tracking, and visual explainabil-
ity are central to real-world medical image analysis, yet
current medical Vision-Language Models (VLMs) still lack
mechanisms that translate their broad knowledge into clin-
ically actionable outputs. To bridge this gap, we present
MEDIC-AD, a clinically oriented VLM that strengthens
these three capabilities through a stage-wise framework.
First, learnable anomaly-aware tokens (<Ano>) encourage
the model to focus on abnormal regions and build more dis-
criminative lesion centered representations. Second, inter-
image difference tokens (<Diff>) explicitly encode tem-
poral changes between studies, allowing the model to dis-
tinguish worsening, improvement, and stability in disease
burden. Finally, a dedicated explainability stage trains the
model to generate heatmaps that highlight lesion-related
regions, offering clear visual evidence that is consistent
with the model’s reasoning. Through our staged design,
MEDIC-AD steadily boosts performance across anomaly
detection, symptom tracking, and anomaly segmentation,
achieving state-of-the-art results compared with both closed
source and medical-specialized baselines. Evaluations on
real longitudinal clinical data collected from real hospi-
tal workflows further show that MEDIC-AD delivers stable
predictions and clinically faithful explanations in practical
patient-monitoring and decision-support workflows.

1. Introduction

Vision–Language Models (VLMs) have rapidly
evolved [14, 40, 66] from simple image–text tasks
such as visual question answering (VQA) [2] and caption-
ing [52] to more advanced capabilities including visual
grounding [47, 60] and multi–image reasoning [3, 11, 34].
These advances have inspired the emergence of Medical
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Figure 1. Overall performance of VLMs on Medical Anomaly
Detection and Medical Symptom Tracking (MMXU [42]).

Foundation VLMs [35, 41, 50], which aim to integrate
visual and textual medical knowledge for comprehensive
diagnostic understanding. Trained on large-scale image-
report pairs and multimodal instructions, these models have
achieved strong results across tasks such as disease classi-
fication, report generation, and Med–VQA, demonstrating
the promise of language-driven clinical reasoning.

However, most Medical Foundation VLMs remain op-
timized for broad medical knowledge coverage rather than
real clinical application [53, 59]. Their training typically re-
lies on long–form captioning, OCR–based instruction tun-
ing, and medical chain–of–thought reasoning that enhance
generic reasoning ability, but overlook key properties re-
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quired for real-world clinical workflows [1]: (1) accu-
rate lesion detection, (2) reliable temporal symptom track-
ing, and (3) transparent visual explainability of the rea-
soning process. Addressing these limitations demands a
paradigm shift from generalized intelligence toward clini-
cally grounded perception, and understanding.

To that end, we explore three research questions guiding
the design of a clinically usable medical VLM.

RQ1: How can lesion and symptom recognition be im-
proved in VLMs for real clinical settings? Even as med-
ical VLMs expand in knowledge, accurate abnormality de-
tection remains essential for safe deployment. We define
an abnormality as any pathological deviation within an im-
age and propose to enhance this recognition through ex-
plicit anomaly–aware representations. By injecting learn-
able <Ano> tokens into the transformer layers, the model
highlights abnormal regions and strengthens its discrimina-
tive reasoning. Experiments on brain MRI, head CT, and
chest X-ray datasets show that this design achieves strong
performance in medical anomaly detection.

RQ2: How can a VLM disentangle temporal medi-
cal images to enable more accurate symptom tracking?
Existing foundation models that support multi–image inputs
typically concatenate visual features, thus failing to capture
the temporal progression between scans. To model clin-
ically meaningful changes, we introduce <Diff> tokens
that compare anomaly features extracted from multiple im-
ages of the same patient. These representations allow the
model to reason about whether a condition has worsened,
improved, or remained unchanged. On benchmarks such
as MMXU [42], which assess longitudinal symptom un-
derstanding, our approach achieves superior performance,
highlighting its effectiveness as a practical clinical tool for
patient monitoring.

RQ3: How can visual explainability be integrated
into medical VLM reasoning? Explainability is indis-
pensable for clinical decision-making. To visually justify
model’s predictions, we design a heatmap decoder that
fuses anomaly features and visual features to generate
visualization maps highlighting regions responsible for
each prediction. These region-level explanations enhance
transparency by providing visual evidence for both lesion
detection and change assessment, ultimately bridging the
gap between black-box reasoning and clinical trust.

These three research directions culminate in MEDIC-
AD, a stage-wise medical VLM with clinical intelligence,
designed to integrate anomaly detection, temporal reason-
ing, and visual explainability. MEDIC-AD is trained in
three stages: Stage 1: Anomaly Detection. Learn dis-
criminative abnormality embeddings via injected anomaly
tokens, <Ano>, adapting contrastive architecture between

normal and abnormal regions for enhancing sensitivity to
pathological cues. Stage 2: Difference Reasoning. Encode
cross-scan variations using <Diff> tokens that disentangle
temporal progression of abnormal features and enable fine-
grained symptom tracking. Stage 3: Visual Explainability.
Generate visual evidence heatmaps that ground textual out-
puts on abnormal regions, ensuring verifiable reasoning.

Through extensive evaluation, MEDIC-AD consistently
demonstrates state-of-the-art (SOTA) performance across
diverse medical modalities and tasks as shown in Fig. 1.
It outperforms medical foundation models [35, 53, 59],
anomaly–specialized models [17, 58], and closed-source
counterparts [4, 24] in both lesion detection, and tempo-
ral symptom reasoning. Moreover, MEDIC-AD delivers
superior visual explainablity generating spatially grounded
explanations that align model decisions with clinical evi-
dence. Beyond numerical gains, its stage–wise design en-
codes the clinical diagnostic workflow—detect, compare,
explain—into the model’s learning curriculum, transform-
ing general-purpose vision–language understanding into
clinically actionable intelligence.

Our main contributions are as follows:

• We present a unified, stage-wise framework (MEDIC-
AD) that integrates anomaly detection, longitudinal rea-
soning, and visual grounding to enable explainable medi-
cal inference.

• We introduce anomaly- and difference-token mechanisms
that endow medical VLMs with explicit lesion sensitivity
and temporal reasoning capability.

• We conduct comprehensive evaluations on multiple med-
ical tasks, as well as on real longitudinal datasets from
hospital sites, demonstrating superior reliability and us-
ability compared to both open- and closed-source foun-
dation models, and showcasing deployment readiness for
real-world clinical practice workflows.

2. Related Works

2.1. Vision-Language Models for Medical Imaging
Vision Language Models (VLMs) [3, 11, 14, 34, 40, 66]
have unified visual and textual reasoning across domains
through large-scale contrastive or instruction-tuned learn-
ing. Building upon these, medical VLMs have adapted
multimodal alignment to clinical imaging and reporting
tasks. Early medical VLMs focused on contrastive align-
ment and report-level representation learning [6, 54], while
later instruction-tuned architectures expanded multimodal
reasoning through larg scale medical–text pretraining [35,
49, 51, 57]. More recently, Lingshu and Citrus-V [53, 59],
built on Qwen-VL 2.5 [3], introduced multi-stage training
with shallow/deep alignment, medical instruction tuning,
and reinforcement learning with verifiable rewards, achiev-
ing state-of-the-art results on single-image medical VQA
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benchmarks such as SLAKE, PathVQA, VQA-RAD, and
OmniMedVQA [19, 22, 33, 51]. These datasets collec-
tively evaluate anatomical localization, factual consistency,
and report generation, forming the empirical foundation for
single-image medical VLMs. Beyond single-image under-
standing, medical VLMs have advanced toward difference-
aware reasoning, modeling longitudinal changes and dis-
ease progression between paired studies. Generic differ-
ence captioning frameworks describe visual changes across
image pairs [46, 61], whereas medical-specific longitudi-
nal reasoning integrates anatomical or report-based tempo-
ral modeling [12, 21]. A recent unified framework [15]
proposes a Report Generator–Answer Generator (RG–AG)
architecture. While these studies have achieved meaning-
ful progress in understanding longitudinal medical images,
they remain largely task-specific, focusing on objectives
such as VQA and report generation, without fully leverag-
ing the extensive medical knowledge and generative reason-
ing capabilities offered by Medical Foundation VLMs.

2.2. Zero-Shot Anomaly Detection
Traditional anomaly detection (AD) methods primarily fo-
cused on low-level visual irregularities in industrial datasets
such as MVTec-AD [8] and VisA [67], later extending to-
ward zero-shot recognition through text–image alignment.
CLIP-based approaches introduced adapter- or prompt-
based mechanisms for open-vocabulary detection [10, 23,
65], while Q-Former-based [37] architectures further con-
nected anomaly detection and instruction tuning [17, 58]
in general AD tasks. In the medical context, unified
benchmarks such as BMAD [7] integrate diverse medical
anomaly detection datasets—covering Brain MRI, Chest X-
Ray, Liver CT, Retinal OCT, and Pathology—into a sin-
gle evaluation framework. BMAD consolidates various
modality-specific datasets to enable consistent cross-dataset
and cross-organ evaluation under a unified protocol. In par-
allel, chest-specific datasets such as ChestX-Det [39] fur-
ther provide detailed pixel-level annotations for thoracic
disease localization and anomaly segmentation. Collec-
tively, these works mark a shift from handcrafted features
to medically grounded anomaly understanding.

2.3. Explainability in Vision–Language Models
Explainability has become a key criterion for assessing the
reliability of VLMs, especially in safety-critical domains
such as medicine. Recent VLMs utilize cross-attention
heatmaps and token-conditioned activations to visualize
how linguistic tokens attend to visual regions during reason-
ing, thereby revealing the internal correspondence between
textual semantics and spatial evidence [16, 36, 40, 45]. Such
mechanisms improve transparency and enable systematic
model auditing and error analysis by linking visual atten-
tion patterns with generated textual outputs.

Q:
What has changed in the 
lung as observed in the two 
chest CXR images?

Prior Current

Citrus-V

Broad Medical Knowledge

SOTA Temporal Reasoning

GPT-4o
Lack of Medical Knowledge

Insufficient Lesion Detection

Powerful Anomaly Grounding

A: Nothing have changed.

A: Pulmonary edema occurred.

A: Worsened pulmonary edema.

Medic-AD (Ours)

Lack of Anomaly Grounding

SOTA Lesion Detection

Visual Grounding Not Supported

Figure 2. Comparison of VLMs on clinical applications. Medic-
AD provides stronger lesion detection, temporal reasoning, and
visual grounding than GPT-4o [24] and Citrus-V [53].

In medical imaging, explainability has been advanced
through explicit grounding and concept-level alignment.
Grounded VLMs explicitly associate textual rationales
with anatomical regions [6, 15, 25], while concept-
disentanglement approaches align clinical entities with vi-
sual concepts to enhance explainability and trustworthi-
ness [38]. Building upon these developments, we extend
visual grounding beyond a mere auxiliary visualization tool.
In our medical VLM, explainability is achieved by ground-
ing the reasoning process on anomalous features such as
lesions or symptoms, thereby providing explicit visual ev-
idence that supports the model’s clinical conclusions and
ensuring clinically verifiable visual explainability.

3. Methodology
3.1. Overview
Standard VLMs encode an input image I and textual in-
struction T into a joint multimodal sequence to generate a
response R:

R = fl([ fp(V) ; Emb(T) ]), (1)

where fp(·) denotes a visual projection layer that maps vi-
sual features V, extracted from I via a vision encoder, into
the text embedding space, and fl(·) represents the large lan-
guage model (LLM). While this general formulation sup-
ports broad multimodal reasoning, it lacks the inductive bi-
ases required for clinically meaningful perception includ-
ing reliable lesion localization, temporal tracking, and vi-
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Figure 3. Architecture of MEDIC-AD. (a) Stage 1: <Ano> Token Generation, (b) Stage 2: <Diff> Token Generation, and (c) Stage 3:
Heatmap Generation illustrate each stage of the proposed framework. Note that CA denotes Cross-Attention.

sual justification, all of which are essential for trustworthy
decision support.

MEDIC-AD extends this paradigm into a clinically
grounded reasoning framework through a stage-wise op-
timization pipeline, composed of three progressive stages
where each stage incrementally enhances the model’s rea-
soning capability. Stage 1 learns anomaly-aware represen-
tations that encode lesion-specific semantics. Stage 2 builds
on these representations to disentangle temporal variations
between prior and current studies, yielding difference to-
kens. Stage 3 introduces grounding supervision that aligns
the learned anomaly features with spatial heatmaps, en-
abling visually verifiable predictions.

We first introduce anomaly-aware tokens, <Ano>, de-
rived from a cross-attention mechanism applied to the vi-
sually enhanced feature representation V∗. Here, V∗ de-
notes the anomaly-augmented visual features obtained by
incorporating visual soft prompts [26] into the original vi-
sual embeddings V. This process encourages the model to
emphasize lesion-relevant regions and discriminative cues.
The resulting tokens are concatenated with the visual and
textual embeddings as

R = fl([ fp(V
∗) ; <Ano> ; Emb(T) ]). (2)

Next, to model temporal changes between prior and cur-
rent images, our model learns anomaly-aware representa-
tions across time and produces <Diff> tokens. Given two
input images, their corresponding anomaly-augmented vi-
sual features, V∗

1 and V∗
2, are extracted by the vision en-

coder and formulated as
R = fl([ fp(V

∗
1) ; <Ano> ; fp(V

∗
2) ; <Ano> ;

Emb(T) ; <Diff> ]),
(3)

following the modified chat template as illustrated in Ap-
pendix Sec. A. Finally, the anomaly-aware tokens, <Ano>,
are fed into a heatmap decoder fh(·) together with the cor-
responding visual features V∗ to generate grounding maps
M. These maps provide region-level visual evidence that
supports and justifies textual predictions as

M = fh([ fp(V
∗) ; <Ano> ]). (4)

3.2. Architecture and Stage-wise Training
In this section, we present the detailed architecture of
MEDIC-AD and the corresponding training pipelines de-
signed to implement the framework illustrated in Sec. 3.1.
Each stage progressively enhances the capability of the
baseline Medical Foundation VLM, Lingshu [59], which is
a strong backbone model pretrained on large-scale medi-
cal data, by introducing specialized modules for anomaly
reasoning, temporal difference analysis, and visual explain-
ability.

Stage 1: Anomaly Detection. The first stage focuses
on training an Anomaly Processor that produces <Ano>
tokens, compact latent representations capturing lesion-
related semantics, as illustrated in Fig. 3 (a). These tokens
are constructed through two learnable system tokens, the
Abnormal System Token and Normal System Token. They
interact with multi-scale visual features extracted from
four intermediate layers of the vision encoder via a cross-
attention mechanism, producing Abnormal and Normal At-
tention Scores for each visual patch.

To preserve the pretrained vision encoder’s representa-
tional stability while adapting it for anomaly detection, we
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adopt Visual Soft Prompt Tuning [26] to the selected four
layers instead of fully updating their parameters. Unlike
conventional attention head using Softmax normalization,
our design applies Sigmoid activation to obtain patch-wise
anomaly probabilities. The difference between abnormal
and normal attention weights yields an Anomaly Attention
Map, which reflects the likelihood of each patch being ab-
normal. This map modulates the original visual features
through element-wise multiplication, adjusting their mag-
nitudes according to anomaly salience.

Subsequently, 2D global pooling is performed over
the modulated visual features to derive Anomaly Queries.
These queries are passed through an Anomaly Q-Former,
where the LLM-projected visual tokens act as keys and
values. The Anomaly Q-Former outputs are then fed into
a 2-layer MLP to yield the final Anomaly-aware tokens,
<Ano>, which are used in both downstream LLM inference
and later heatmap generation in Stage 3.

Training for this stage utilizes a diverse collection of
medical anomaly datasets spanning MRI, X-ray, and CT
modalities, including BMAD, ChestX-Det [7, 39], as well
as multimodal VQA datasets such as SLAKE, PathVQA,
and VQA-RAD [19, 33, 51], ensuring both robust visual
grounding and generalizable medical reasoning capability.

Stage 2: Difference Reasoning. The second stage fo-
cuses on modeling inter-image differences to analyze dis-
ease progression over time. Here, the goal is to learn dif-
ference tokens, <Diff>, that disentangle the variations in
abnormal regions across time or paired studies (e.g., follow-
up vs. baseline scans), effectively separating genuine patho-
logical progression from visual or acquisition-related noise.

As shown in Fig. 3 (b), the modulated visual features
derived in Stage 1 from two images are contrasted and dis-
entangled through a Diff Q-Former, which isolates lesion-
specific change patterns. Then, each image’s projected vi-
sual tokens, fp(V∗

1) and fp(V
∗
2), serves as keys and val-

ues to encode structured inter-image relationships. Passing
these through the Diff Q-Former and a subsequent 2-layer
MLP yields the difference tokens, <Diff>, which are ap-
pended to the multimodal input sequence. By explicitly iso-
lating temporal anomalies from static visual context, this
stage enables the LLM to reason over fine-grained temporal
variations in lesion appearance or intensity, thereby enhanc-
ing its ability for longitudinal disease reasoning.

Stage 2 training requires temporally paired or longitu-
dinal datasets. We use MIMIC-Diff-VQA[21], a dataset
built for multi-image reasoning in clinical follow-up sce-
narios, allowing the model to learn spatial correspondence
and temporal progression patterns in real patient studies.

Stage 3: Visual Explainability. The final stage intro-
duces a heatmap generation module designed to achieve

visual grounding and enhance explainability. While prior
Medical Foundation VLMs often rely on pretrained vision
decoders (e.g., SAM2 [48] used in Citrus-V [53]), our ap-
proach leverages the learned <Ano> tokens and ConvNeXt-
based [55] segmentation head to directly link visual reason-
ing with evidence.

As illustrated in Fig. 3 (c), we fuse <Ano> tokens with
the vision encoder’s intermediate feature maps via a fusion
block, reinforcing the model’s focus on lesion-relevant re-
gions driving the LLM’s prediction. The fused features are
then processed by a compact ConvNeXt-based segmenta-
tion head to generate a heatmap M spatially aligned with
the input image. This heatmap is overlaid on the original
image to provide region-level visual evidence that supports
the textual output, thereby connecting model reasoning with
clinically observable cues.

Stage 3 is trained on datasets with pixel-level segmen-
tation masks, such as selected subsets of BMAD and
ChestX-Det [7, 39]. Leveraging anomaly-token-guided fu-
sion, our model achieves substantially improved anomaly-
localization accuracy compared with recent grounding-
based medical VLMs, as demonstrated in Sec. 4.3. For the
more detailed training configurations of each stages, please
see Appendix Sec. B.

4. Experiments
To validate the effectiveness of MEDIC-AD, we con-
duct a series of experiments corresponding to each stage
of the proposed framework introduced in Sec. 3. Each
stage is validated on a task specifically aligned with its
objective. Stage 1 evaluates the discriminative capabil-
ity of the learned <Ano> tokens via Medical Zero-shot
Anomaly Detection. Stage 2 assesses temporal reason-
ing through the MMXU Benchmark for medical symp-
tom tracking. Finally, Stage 3 examines Medical Visual
Explainability, evaluating region-level grounding and the
consistency between visual evidence and textual reasoning
using segmentation-based metrics.

As this section focuses on the stage-specific tasks cen-
tral to our framework, evaluations on conventional med-
ical VQA benchmarks (VQA RAD [33], SLAKE [51],
PathVQA [19], and MMMU Med [62]) are provided in
Appendix Sec. C, demonstrating that MEDIC-AD success-
fully preserves general medical knowledge of backbone
while simultaneously reinforcing its stage-wise clinical ap-
plicability.

4.1. Medical Zero-shot Anomaly Detection
Experimental Settings. In the zero-shot anomaly detec-
tion setting, the model is tested on datasets that are entirely
unseen during training to ensure a fair comparison with
competing models. We evaluate across four heterogeneous
modalities—Brain MRI, Head CT, Br35h, and COVID-
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Table 1. Results on Zero-shot Medical Anomaly Detection (Brain MRI [29], Head CT [31], Br35h [18], and COVID-19 [13]). For each
dataset, we report Precision, Recall, and F1. The rightmost column shows the average F1 over all tasks.

Category Model Size Brain MRI Head CT Br35h COVID-19 Avg. F1
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

General Qwen2.5-VL 7B 76.1 92.9 83.6 61.6 100.0 76.3 66.4 94.5 78.0 88.6 83.4 85.9 81.0
InternVL2.5 8B 81.2 97.4 88.6 67.6 96.0 79.3 71.2 99.0 82.8 94.8 60.2 73.6 81.1

Closed GPT-4o – 59.3 98.6 74.1 48.7 100.0 65.5 48.9 99.9 65.6 29.1 92.9 44.4 62.4
Claude-3.5 – 64.0 100.0 78.1 50.0 100.0 66.7 51.2 100.0 67.7 47.2 100.0 64.2 69.2

Anomaly AnomalyGPT 13B 61.0 96.8 74.8 50.8 97.0 66.7 47.2 88.6 61.6 33.9 57.2 42.5 61.4
Anomaly-OV 7B 53.1 71.6 61.0 39.8 66.0 49.6 42.2 73.0 53.5 29.6 47.0 36.3 50.1

Medical
LLaVA-MED 7B 69.0 95.5 80.1 54.1 77.9 63.8 60.8 92.7 73.4 46.1 86.3 60.1 69.4
Citrus-V 8B 85.5 95.5 90.2 78.7 100.0 88.1 79.5 97.5 87.6 58.4 90.4 70.9 84.2
Lingshu 7B 83.1 94.3 88.4 91.4 94.1 92.8 86.0 93.3 89.5 84.0 84.4 84.2 88.7
MEDIC-AD 7B 91.1 92.9 92.0 95.1 96.0 95.5 90.8 89.5 90.2 96.6 81.6 88.5 91.6

Table 2. Results on MMXU [42]. Models are categorized into general-purpose, closed-source, and medical-domain VLMs.

Category Model Size Worsen Improved No Change Overall (↑)

General InternVL2.5 8B 0.486 0.607 0.402 0.498
Qwen2.5-VL 7B 0.499 0.545 0.513 0.519

Closed Claude-3.5 – 0.494 0.518 0.493 0.502
GPT-4o – 0.480 0.675 0.559 0.571

Medical
Citrus-V 8B 0.468 0.713 0.532 0.571
Lingshu 7B 0.597 0.734 0.529 0.620
MEDIC-AD (Ours) 7B 0.663 0.714 0.588 0.655

19 X-ray [13, 18, 29, 31]—to assess generalization capabil-
ity. Each test sample is queried with a consistent instruction
prompt: “Is there any abnormality in this image?” The
model’s binary response is evaluated using the F1 score to
capture both precision and recall performance.

We compare MEDIC-AD against a range of baselines
spanning three categories: (1) General-purpose open-
source VLMs: Qwen2.5-VL-7B and InternVL2.5-8B [3,
11], (2) Closed-source models: GPT-4o and Claude-3.5 [4,
24], and (3) Anomaly Detection Specialized VLMs:
AnomalyGPT and Anomaly-OV [17, 58], as well as (4)
Medical Foundation VLMs: LLaVA-Med-7B, Citrus-V-
8B, and Lingshu-7B [35, 53, 59].

Results. As summarized in Tab. 1, MEDIC-AD achieves
SOTA performance across all four datasets, demonstrating
superior generalization to unseen medical imaging modal-
ities and conditions. The results indicate that the learned
anomaly-aware tokens, <Ano>, effectively capture lesion-
relevant features, enabling reliable and robust zero-shot
abnormality discrimination even in unseen datasets. No-
tably, MEDIC-AD surpasses all medical-specialized base-
lines and even outperforms closed-source models, vali-
dating the efficacy of its anomaly representation learning.
While some closed-source models (e.g., GPT-4o) occasion-
ally produce conservative outputs for normal cases due to
safety-alignment bias [30, 56] (e.g., responding with “I’m

unable to analyze medical images ...”), MEDIC-AD consis-
tently produces well-calibrated predictions across both nor-
mal and abnormal cases, indicating greater clinical reliabil-
ity and decision consistency. Overall, Stage 1 demonstrates
that anomaly representation learning offers a reliable foun-
dation for zero-shot medical abnormality detection.

4.2. Medical Symptom Tracking
Experimental Settings. We evaluate temporal reasoning
ability using the MMXU benchmark [42], which involves
paired chest X-ray studies from the same patient. For each
instance, the model must classify disease progression as
worsened, improved, or unchanged based on two images
and a multiple-choice question such as:“What is the condi-
tion of the left lower lung zone across the two chest CXR
images? A: No significant change, B: Improved, C: Wors-
ened.” Only models supporting multi-image reasoning are
included in this comparison, and the evaluation metric fol-
lows the accuracy of categorical predictions derived from
the model’s textual responses.

Results. As shown in Tab. 2, MEDIC-AD demonstrates
clear advantages over existing multimodal models on the
MMXU benchmark. By leveraging the <Diff> tokens
representations disentangled through the Diff Q-Former, the
model effectively captures localized lesion changes while
being robust to irrelevant appearance variations such as il-
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Table 3. Visual grounding performance on BMAD [7] (BraTS2021 [5], RESC [20], BTCV + LiTs [9, 32]) and ChestX-Det [39] datasets.
Each dataset reports AUC and mIoU metrics (higher is better).

Model BraTS2021 RESC BTCV + LiTs ChestX-Det
AUC (↑) mIoU (↑) AUC (↑) mIoU (↑) AUC (↑) mIoU (↑) AUC (↑) mIoU (↑)

Citrus-V 98.8 32.6 87.6 2.1 82.1 1.7 98.0 12.4
Medic-AD (Ours) 99.8 87.6 100 97.2 97.2 83.6 99.8 79.8

GT Medic-ADCitrus-V GT Medic-ADCitrus-V

(a) Abnormal samples

GT Medic-ADCitrus-V GT Medic-ADCitrus-V

(b) Normal samples

Figure 4. Visual Grounding comparison between MEDIC-AD and
Citrus-V [53] on diverse abnormal and normal samples.

lumination or positional shifts. Unlike general VLMs that
simply concatenate multiple images, MEDIC-AD explic-
itly encodes inter-image relationships, yielding consistent
reasoning about temporal dynamics. In particular, quali-
tative inspection shows that MEDIC-AD highlights patho-
logical regions with true clinical changes (e.g., consolida-
tion growth or opacity reduction), whereas other models
often mistake global contrast shifts for disease progression
(Fig.2). These findings indicate that Stage 2 effectively sep-
arates clinically relevant temporal changes.

4.3. Medical Visual Explainability
Experimental Settings. To assess visual grounding and
explainability, we evaluate MEDIC-AD on medical datasets
that include pixel-level anomaly masks, specifically a sub-
set of BMAD [7] (BraTS2021 [5], RESC [20], and BTCV
+ LiTs [9, 32]) and the ChestX-Det [39] dataset. For
each image, the model generates a heatmap using the same
anomaly-detection query as in Sec. 4.1. Predicted heatmaps
are compared with ground-truth masks using AUC and
mIoU. We compare against Citrus-V [53], the most recent
medical VLMs supporting visual grounding.

Results. MEDIC-AD shows consistently strong perfor-
mance across datasets, outperforming Citrus-V on both
AUC and mIoU (Tab. 3). By integrating <Ano> tokens
with intermediate visual features, MEDIC-AD produces
heatmaps that more accurately localize pathological regions
aligned with the model’s textual rationale. In contrast,

Citrus-V, which use a SAM2 decoder [48], tends to pro-
duce less precise masks, sometimes highlighting non-lesion
areas or yielding diffuse activations in normal images. Rep-
resentative examples in Fig. 4 highlight these differences.
These results show that Stage 3 improves the alignment be-
tween visual evidence and model reasoning, yielding more
clinically coherent responses.

5. Analysis

In this section, we present a comprehensive analysis of
the proposed MEDIC-AD framework through ablation stud-
ies, hyperparameter sensitivity experiments, and real-world
evaluations. Across all studies, the results consistently sup-
port the central claim of this work: temporal reasoning in
medical image pairs fundamentally benefits from coherent
integration of anomaly-aware spatial cues and temporally
grounded difference representations.

5.1. Effect of <Ano>Tokens on Temporal Reasoning

The first analysis focuses on how <Ano> tokens con-
tributes to constructing reliable temporal representations.
In MEDIC-AD, the construction of <Diff> tokens is
grounded in the anomaly-aware visual features generated
during the <Ano> tokens estimation process, where patch-
wise anomaly likelihood modulates the magnitude of visual
representations (Sec. 3.2). To isolate the role of <Ano> to-
kens, we generate <Diff> tokens using the unmodified,
original visual features without salience adjustment.

As reported in Tab. 4 (Effect of <Ano> Tokens), re-
moving <Ano> tokens consistently degrades performance
across tasks. The drop reveals two important observations.
First, anomaly-aware magnitude modulation enhances the
expressiveness of the visual embeddings used for tempo-
ral differencing, allowing <Diff> tokens to capture clin-
ically relevant cues rather than global appearance changes.
Second, incorporating <Ano> tokens during inference adds
complementary contextual information that stabilizes the
interpretation of new findings. Together, these results show
that <Ano> and <Diff> tokens form a mutually reinforc-
ing pair: one grounds spatial anomaly cues, while the other
captures temporal evolution, and both are required for accu-
rate modeling of medical image progression.
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Table 4. Effect of utilizing <Ano> tokens and comparison of vi-
sual feature extraction strategies.

<Ano> Avg. F1 (↑) MMXU (↑)
Effect of <Ano> Tokens

<Diff> tokens only × – 0.635
MEDIC-AD ✓ – 0.655
Feature Selection Strategy

Last layer ✓ 90.9 0.619
Intermediate 4-layers ✓ 91.6 0.635
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Figure 5. Hyperparameter sensitivity analysis on (a) query token
pooling size and (b) visual soft prompt counts. The red line de-
notes the baseline performance of Lingshu [59].

5.2. Layer Selection in Visual Feature Extraction
In generating both <Ano> and <Diff> tokens, MEDIC-
AD relies on visual features extracted from the vision en-
coder of the backbone VLM. To understand how visual
representations influence anomaly and temporal token con-
struction, we compare two configurations: using only the
last-layer visual features, and aggregating intermediate-
layer features together with the final representation.

As shown in Tab. 4 (Feature Selection Strategy), using
intermediate-layer features consistently outperforms rely-
ing solely on the final hidden state. This advantage echoes
prior findings [10, 23, 58, 65] that multi-level feature ag-
gregation provides a broader range of semantic cues and
improves downstream performance. In our setting, incorpo-
rating intermediate features not only enriches the anomaly
representations but also produces feature embeddings that
are more stable and informative for computing inter-image
differences in temporal reasoning.

5.3. Impact of Hyperparameters
MEDIC-AD involves two key hyperparameters: (1) the
number of generated <Ano> tokens and <Diff> tokens,
and (2) the number of soft prompts injected into the vision
encoder. The number of <Ano> and <Diff> tokens is im-
plicitly determined by the 2D pooling size applied to the
magnitude-adjusted visual features used for token genera-
tion. Therefore, we investigate the effect of varying the
pooling size. In parallel, the number of soft prompts in-
fluences how the extracted visual features are adapted to
MEDIC-AD while also affecting the overall performance of

Table 5. Evaluation on a real-world clinical dataset of 300 patients
using GREEN [43], RaTEScore [64], and GPT-4o evaluation.

Model GREEN RaTEScore GPT eval
Lingshu-7B 0.009 0.359 0.177
MEDIC-AD 0.020 0.430 0.291

the backbone VLM, motivating a sensitivity analysis.
As illustrated in Fig. 5 (a), the model achieves consis-

tently strong performance on both Anomaly Detection and
MMXU benchmarks when the query-token pooling size is
set to 4×4, indicating that this granularity provides a favor-
able balance between spatial abstraction and anomaly lo-
calization. Similarly, the soft prompt sensitivity study in
Fig. 5 (b) demonstrates that using 10 visual soft prompts
yields the most stable and competitive results. We therefore
adopt a pooling size of 4 × 4 and 10 soft prompts as the
default configuration for MEDIC-AD.

5.4. Real-world Application
To validate the applicability of MEDIC-AD beyond pub-
lic benchmarks, we conduct a real-world clinical study us-
ing chest X-ray pairs collected from 300 patients who vis-
ited a hospital for follow-up examinations. For each image
pair, radiologists provide structured annotations describing
the presence or absence of specific clinical findings, and
the degree of change compared to the previous examina-
tion. Using this dataset, we formulate a temporal-difference
captioning task in which the model must generate clinically
consistent descriptions of symptom progression.

As shown in Tab. 5, MEDIC-AD outperforms Ling-
shu [59]—the strongest baseline in temporal reasoning
(Tab. 2)—under GREEN [43], RaTEScore [64], and GPT
evaluation. These results indicate that MEDIC-AD re-
mains effective not only in controlled benchmarks but also
demonstrates robustness and reliability on real-world clin-
ical data. Moreover, the model produces descriptions that
align closely with expert assessments, highlighting its po-
tential for integration into clinical workflows that demand
explainable and accurate temporal reasoning.

6. Conclusion
We introduced MEDIC-AD, a stage-wise medical VLM
that strengthens clinical intelligence: lesion detection, tem-
poral reasoning, and visual explainability through anomaly-
aware and difference-token mechanisms. Our unified de-
sign enables the model to focus on abnormality cues, cap-
ture clinically meaningful changes between images, and
provide accurate grounded visual evidence. Furthermore,
evaluations on real-world hospital cases show robust align-
ment with expert assessments, indicating that MEDIC-AD
offers a practical and reliable application for clinically us-
able medical VLMs.
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