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Abstract. Medical landmark detection varies significantly across modal-
ities and clinical protocols, posing unique challenges for developing uni-
versally applicable models. Conventional approaches typically entail train-
ing bespoke architectures per dataset or relying on general-purpose heuris-
tics with fixed rules. However, these methods suffer from limited scalabil-
ity and lack the semantic reasoning required to adapt to complex anatom-
ical variations. To address these limitations, we propose AutoLand, a
data-efficient autonomous workflow for landmark detection in medical
images, leveraging a Vision Language Model (VLM) as a medical anal-
ysis agent. Specifically, AutoLand integrates a Physics Fingerprint Ex-
traction module to extract precise physical characteristics, ensuring the
agent aligns with modality-specific data properties. Subsequently, a Med-
ical Deep Learning Library is queried during reasoning to retrieve spe-
cialized network architectures and optimization protocols, enabling the
formulation of expert-level training strategies with only a few samples.
This workflow enhances robustness and adaptability while reducing man-
ual intervention. Experiments on three datasets show that AutoLand
significantly outperforms state-of-the-art methods. Moreover, ablation
studies confirm that our agentic paradigm effectively overcomes the lim-
itations of fixed baselines through semantic reasoning. The source code
is available at https://github.com/ChiZai123456/AutoLand.

Keywords: Medical landmark detection · Vision language model · Au-
tomated agentic workflow · Data-Efficient learning

1 Introduction

Medical landmark detection aims to localize anatomically meaningful key points
in medical images and serves as a fundamental step in many clinical applications,
such as treatment planning and surgical interventions [25]. Manual landmark an-
notation is time-consuming and subject to inter-observer variability, motivating
automated methods.
� Co-corresponding authors: qilin@bmie.neu.edu.cn (L. Qi), 20082180@cmu.edu.cn (T.
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Current approaches can be categorized into task-specific methods [15,17,23]
and general-purpose methods [5,6,9,11,24,26]. Task-specific methods achieve strong
performance by designing bespoke architectures for a particular modality or pro-
tocol, but they often require non-trivial redesign of the model when transferred
to new scenarios. In contrast, general-purpose methods attempt to infer con-
figurations from dataset statistics or heuristic rules, yet such fixed heuristics
lack semantic reasoning, making them suboptimal under complex anatomical
variations or few-sample scenarios.

To address these limitations, we introduce AutoLand, which leverages a Vi-
sion Language Model (VLM) as a medical analysis agent to formulate dataset-
specific training strategies automatically. By interpreting both the visual context
and physics fingerprints of the input data, the agent can adapt its decisions to
modality-specific properties. Moreover, during reasoning, it queries a specialized
medical Deep Learning Library to retrieve valid network architectures and train-
ing strategies, enabling robust strategy instantiation without manual tuning.

The contributions of our work are summarized as follows: (1) We propose
AutoLand, a data-efficient automated agentic workflow that covers model con-
figuration, preprocessing, training, and validation for landmark detection on new
datasets. (2) We leverage the agent’s semantic reasoning capability to reduce
data dependency, generating effective training strategies from only a few an-
notated samples. (3) We demonstrate robust generalizability of the proposed
workflow and validate it across diverse anatomical targets and imaging modali-
ties.

2 Method

Fig. 1 illustrates our data-efficient autonomous landmark detection workflow
named AutoLand, which employs a VLM as a medical analysis agent. By lever-
aging the agent’s semantic reasoning capabilities to interpret the physics fin-
gerprints and visual contexts of input datasets, our workflow can formulate the
training strategy autonomously. Consequently, our approach achieves universal
landmark detection across diverse datasets without requiring manual tuning or
redesigning network architecture.

2.1 Physics Fingerprint Extraction

The first step of our approach is to enable the medical analysis agent to un-
derstand the input medical images. However, feeding raw medical images to the
agent directly limits information fidelity due to resolution constraints. Mean-
while, the determination of training strategies relies on precise physical parame-
ters of input medical images, which are obscured in the visual input of agent [21].
To address these challenges, we extract physics parameters as fingerprints from
the input medical images and feed them to the agent alongside the raw images.
This ensures that the agent can perceive the dataset comprehensively, combining
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Fig. 1. Overview of our approach. Physics fingerprints are extracted from input data
to represent dataset characteristics. Then, the medical analysis agent generates opti-
mal training strategies. Finally, the automated strategy execution module builds the
workflow for landmark detection.

visual context with precise physics fingerprints, thereby supporting data-efficient
strategy reasoning under limited annotations.

Specifically, we define the input medical images as D = {In}Kn=1, where In
denotes the n-th medical image and K denotes the number of input images. For
each image, we define an extraction function as E(In) = {vn, sn, µn,mn}, where
vn denotes voxel spacing, sn denotes spatial dimensions, µn denotes mean inten-
sity, and mn denotes max intensity. To eliminate the impact of outliers, we define
the median voxel spacing ṽ, median spatial dimension s̃, and mean intensity µ̄
as ṽ = median({vn}Kn=1), s̃ = median({sn}Kn=1), and µ̄ = 1

K

∑K
n=1 µn. Then, to

infer the bit depth of the input images, we define ωbit = 16 for high bit-depth
images if mn > 255, and ωbit = 8 for low bit-depth images otherwise. Finally,
the physics fingerprints can be described as fphy = [ṽ, s̃, µ̄, ωbit].

2.2 Reasoning Training Strategy from Medical DL Library

The second step of our approach is to enable the medical analysis agent to
formulate executable training strategies for different datasets. However, general-
purpose agents lack specialized knowledge about domain-specific medical deep
learning methods and training protocols. Consequently, the agent may generate
strategies that are theoretically reasonable but actually invalid, leading to inef-
ficient trial-and-error under limited annotations [13,18]. To address these chal-
lenges, we constructed a specialized medical Deep Learning Library (DL Library)
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as Mlib, which integrates over 140 network architectures from MONAI and pre-
processing protocols from SOTA methods [2,3,4,7,9,16]. Serving as a knowledge
base, this DL Library enables the agent to determine training strategies for spe-
cific datasets, improving data efficiency by constraining reasoning to executable
options.

Specifically, to effectively utilize the DL Library for formulating training
strategies, we employ a multi-modal prompt strategy. We define V as visual
tokens encoded from the input image. Then, we define a tokenization mapping
function Φ(·) that serializes textual descriptions into a sequence of text tokens.
We apply the mapping function Φ(·) to transform the physics fingerprint fphy
and the DL Library Mlib into their respective text tokens: Tphy = Φ(fphy)
and Tlib = Φ(Mlib), where Tphy denotes text tokens that describe the physics
fingerprint and Tlib denotes text tokens that describe the DL Library. Finally,
the multi-modal prompt P can be described as

P =


<System Role> : Isys
<Visual Input> : V
<Physics Fingerprint> : Tphy

<Medical DL Library> : Tlib

<Instruction> : Itask

 , (1)

Under the guidance of this prompt, the agent aligns the input images with
the physics fingerprints and performs reasoning based on the DL Library to
formulate the training strategy. The training strategy S is defined as

S =


<Net Arch> : fnet ∈ Mlib

<Pre-process> : ρtrans
<Loss Func> : L
<Hyper-param> : h

 , (2)

where fnet denotes the selected network architecture from the medical DL Li-
brary, ρtrans denotes the preprocessing protocol, L denotes the loss function, and
h denotes the optimization hyperparameters such as learning rate and batch size.

2.3 Strategy Execution and Model Training

The final step of our approach is to instantiate the training strategy into an
executable training routine. In this section, we present model training as pre-
processing, training, and validation.

In the preprocessing phase, we instantiate the preprocessing stage based on
the ρtrans in S. Specifically, ρtrans contains transformation identifiers such as
“normalization”, “crop”, and “augmentation”. We map these identifiers to an or-
dered sequence of executable transformations. In the training phase, we instanti-
ate the network architecture by mapping the identifier fnet to its corresponding
class definition in the medical DL Library. The executable model is constructed
as M = Instantiate(fnet,Mlib). The model parameters are optimized according
to the hyperparameters h and the loss function L. To address invalid strategies
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generated by the agent, we design a fallback mechanism that defaults to a stan-
dard UNet with basic preprocessing upon instantiation failure. In the validation
phase, we evaluate the instantiated model on a hold-out validation set to verify
the effectiveness of the instantiated strategy. The instantiated model performs
inference to predict landmark coordinates, and the validation results are used to
assess generalization.

3 Experiments

3.1 Datasets and Evaluation Metrics

We validated our approach on multimodal medical image datasets to demon-
strate its effectiveness and generalizability. The Cephalometric X-ray Dataset
from the ISBI 2015 Challenge includes 400 images from 400 patients [20], with
19 expert-annotated landmarks per image. The Chest X-ray Dataset from a
public Kaggle repository includes 279 images from 279 patients [19], with 6
expert-annotated landmarks per image. The Cardiac MRI dataset consists of
5,293 LAX and 15,024 SAX slices collected from 144 patients at a hospital, with
2 expert-annotated landmarks per image. This study was approved by the local
Institutional Review Board (IRB). To evaluate the data-efficient performance of
our workflow in few-sample scenarios, we partitioned all datasets into training,
validation, and test sets in a 1:1:8 ratio at the patient level for all experiments.

We used standard metrics to evaluate the detection performance: Mean Ra-
dial Error (MRE) [16] to quantify accuracy, Standard Deviation (STD) [22] to as-
sess stability, and Success Detection Rate (SDR) [12] at thresholds of 1−−10mm
to measure the percentage of successful detections.

3.2 Implementations

All experiments leveraged a single RTX 4090 GPU system with 24 GB memory,
running PyTorch 2.9.1, Python 3.10, Ubuntu 22.04, and CUDA 12.8. We used
Qwen/Qwen3-VL-235B-A22B-Thinking as the medical analysis agent through-
out all experiments.

3.3 Comparisons with SOTA

Table 1 and Fig. 2 present the quantitative comparison and visual results, re-
spectively. As shown, conventional methods such as Unet [1], Shape-Model [8],
and RFRV [14] exhibit limited performance due to their fixed network archi-
tectures and lack of priors. Advanced methods such as NFDP [7] attempt to
improve performance by leveraging specifically designed normalizing flow mod-
els. NFDP achieves competitive performance on the Chest X-rays dataset but
suffers significant degradation on the Cardiac MRI dataset, indicating poor gen-
eralization across modalities. Similarly, universal methods like GU2Net [27] and
UniverDetect [16] typically require extensive supervision, leading to suboptimal
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Fig. 2. Visualization of the comparative experiments. The predicted landmarks are red
dots, and the ground-truth are green dots. The MRE for each image is displayed in the
bottom-left corner.

adaptation in our few-sample scenarios. For instance, both GU2Net and Uni-
verDetect lag significantly behind our method, yielding errors of 2.90 mm and
3.70 mm compared to our results, respectively. These inconsistencies highlight
the limitations of static training strategies.

In contrast, our approach achieves the best performance across different
datasets by using agents to tailor customized training strategies aligned with
domain specificity. Notably, our method reduces the MRE to 1.05 mm compared
to 2.06 mm for the second-best GU2Net in the Cardiac MRI dataset, highlight-
ing its efficacy in MRI data. Furthermore, our approach attains a 75.82% SDR
within 2 mm in the Cephalograms dataset, exceeding the 45.29% achieved by
Landmarker [10]. This performance is attributed to the agent’s capability to
formulate specific training strategies for different datasets based on physics fin-
gerprints rather than relying on fixed protocols. While UniverDetect aims for
universality, its performance plateau implies potential difficulties in adapting to
the distinct physical properties of MRI versus X-ray. Conversely, our approach
addresses these limitations and achieves the best performance across all datasets.

3.4 Ablation Studies

To analyze the influence of the Physics Fingerprint and the DL Library on
the agent’s strategy reasoning, we conduct an ablation study by removing each
component. We summarize the resulting strategy configurations in Table 2 and
report the quantitative performance in Table 3.

The Physics Fingerprint is essential for enabling the agent to perceive modality-
specific physical characteristics and to derive appropriate preprocessing policies
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Table 1. Comparisons of our approach against SOTAs. All dataset was partitioned
into training, validation, and test in 1:1:8 to simulate few-sample scenarios. The best
results are red, and the second-best results are blue.

Models
Cephalograms Chest X-ray

MRE↓ STD↓ SDRd(%)↑ MRE↓ STD↓ SDRd(%)↑
(mm) (mm) 2 mm 3 mm 4 mm (mm) (mm) 3 mm 6 mm 9 mm

Shape-Model[8] 5.96 17.55 36.18 55.65 69.07 16.91 21.72 11.39 31.23 41.77
RFRV[14] 5.73 11.96 38.91 56.17 70.31 14.3 22.34 16.93 36.41 49.97
Unet[1] 5.05 12.59 32.86 51.82 65.24 13.81 22.05 18.88 38.96 53.61
UniverDetect[16] 3.7 7.76 41.26 58.52 70.21 7.71 25.61 47.05 78.92 88.23
NFDP[7] 3.66 4.95 47.34 55.26 70.5 5.57 6.08 56.61 78.36 86.73
GU2Net[27] 2.9 3.99 46.94 64.21 76.21 5.61 22.62 50.81 80.08 87.39
Landmarker[10] 2.55 3.67 45.29 70.36 85.58 7.75 20.94 43.92 72.35 84.14
Ours 1.41 1.36 75.82 93.51 98.34 4.03 4.02 59.04 81.12 90.56

Models
Cardiac LAX Cardiac SAX

MRE↓ STD↓ SDRd(%)↑ MRE↓ STD↓ SDRd(%)↑
(mm) (mm) 2 mm 2.5 mm 3 mm (mm) (mm) 2 mm 2.5 mm 3 mm

Shape-Model[8] 14.86 18.3 20.82 32.01 40.17 15.71 17.11 20.11 30.17 39.81
RFRV[14] 4.16 4.11 51.34 65.13 75.31 4.11 4.6 51.45 65.03 74.9
Unet[1] 6.31 17.2 33.9 43.75 51.79 7.11 15.84 31.36 42.14 51.34
UniverDetect[16] 3.08 7.34 56.92 70.48 79.68 3.27 5.6 56.11 69.77 79.11
NFDP[7] 6.11 7.5 35.17 45.61 52.37 5.12 11.01 44.2 57.56 66.39
GU2Net[27] 2.06 2.11 84.12 89.98 92.62 2.64 3.31 82.38 89.98 91.11
Landmarker[10] 2.18 2.75 82.34 88.9 91.92 3.17 10.16 66.84 77.45 84.2
Ours 1.05 1.97 94.49 97.08 98.54 1.18 2.48 92.52 94.89 96.13

from fewer samples. When the fingerprint is removed, the agent tends to adopt
conservative, less adaptive normalization choices, which limit robustness to inten-
sity variability. This effect is consistently reflected in performance drops across
datasets. For example, on the Cardiac LAX dataset, removing the fingerprint in-
creases MRE from 1.05 mm to 2.56 mm and reduces SDR at 2 mm from 94.49%
to 43.25%. On the Chest X-ray dataset, the same ablation increases MRE from
4.03 mm to 6.44 mm and reduces SDR at 3 mm from 59.04% to 21.48%. These
results indicate that physical fingerprints play a key role in guiding the agent
toward preprocessing strategies that align with each dataset.

The DL Library is critical for constraining the agent’s reasoning within valid
medical deep learning practices, especially for network selection and optimiza-
tion design. When the DL Library is removed, the agent falls back to generic
configurations that are easier to justify but less suited to the anatomical and
optimization characteristics of each dataset. This ablation yields the most se-
vere degradation among all variants. On the Cephalogram dataset, removing
the DL Library increases MRE from 1.41 mm to 3.89 mm and reduces SDR at
2 mm from 75.82% to 25.05%. On the Cardiac LAX dataset, the same ablation
increases MRE from 1.05 mm to 3.26 mm, indicating that domain knowledge is
indispensable for identifying effective optimization targets and loss formulations
under limited supervision.

Overall, the ablation results confirm the complementary roles of the two com-
ponents. The Physics Fingerprint improves data perception and steers prepro-
cessing toward modality-aware decisions, while the DL Library provides domain
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Table 2. Ablation study on the reasoning training strategy. The table summarizes the
specific training strategy formulated by the agent under different Variants.

Dataset Variant Network Preprocessing Optimization & Loss

Cephalogram

w/o fingerprint SCNet Resize, Rot, Standard
Min-Max Norm, CLAHE

AdamW, MSE, Cosine,
lr = 1 × 10−3

w/o DL Library UNet
Resize, Rot, Flip, Robust
Min-Max Norm, Bright,
CLAHE

Adam, MSE, lr = 1 × 10−4

Ours(AutoLand) SCNet
Resize, Rot, Flip, Robust
Min-Max Norm, Bright,
CLAHE

AdamW, MSE, Cosine,
lr = 1 × 10−3

Chest

w/o fingerprint HRNet Resize, Rot, Standard
Min-Max Norm, CLAHE

AdamW, MSE, Cosine,
lr = 1 × 10−3

w/o DL Library UNet Resize, Flip, Rot, Z-Score
Norm, CLAHE Adam, MSE, lr = 1 × 10−4

Ours(AutoLand) HRNet
Resize, Rot, Flip, Z-Score
Norm, Gaussian Noise,
CLAHE

AdamW, MSE, Cosine,
lr = 1 × 10−3

Cardiac

w/o fingerprint AttenUnet Resize, Rot, Standard
Min-Max, CLAHE

AdamW, BCE, Cosine,
lr = 5 × 10−4

w/o DL Library UNet Resize, Rot, Flip, Robust
Min-Max Norm, CLAHE Adam, MSE, lr = 1 × 10−4

Ours(AutoLand) AttenUnet Resize, Rot, Flip, Robust
Min-Max Norm, CLAHE

AdamW, BCE, Cosine,
lr = 5 × 10−4

Table 3. Quantitative ablation results.

Variant
Cephalograms Chest X-ray

MRE↓ STD↓ SDRd(%)↑ MRE↓ STD↓ SDRd(%)↑
(mm) (mm) 2 mm 3 mm 4 mm (mm) (mm) 3 mm 6 mm 9 mm

w/o fingerprint 3.07 1.91 32.1 55.84 74.36 6.44 7.31 21.48 56.82 80.92
w/o DL Library 3.89 2.23 25.05 46.82 66.55 7.4 12.35 20.68 54.21 76.1
Ours(AutoLand) 1.41 1.36 75.82 93.51 98.34 4.03 4.02 59.04 81.12 90.56

Variant
Cardiac LAX Cardiac SAX

MRE↓ STD↓ SDRd(%)↑ MRE↓ STD↓ SDRd(%)↑
(mm) (mm) 2 mm 2.5 mm 3 mm (mm) (mm) 2 mm 2.5 mm 3 mm

w/o fingerprint 2.56 4.43 43.25 67.79 81.88 2.77 5.39 41.73 67.11 82.08
w/o DL Library 3.26 4.72 39.19 63.78 79.35 3.34 6.93 37.83 66.66 75.03
Ours(AutoLand) 1.05 1.97 94.49 97.08 98.54 1.18 2.48 92.52 94.89 96.13

priors that guide strategy reasoning for architecture and optimization. Together,
they enable the agent to generate executable strategies that generalize across
modalities in few-sample scenarios.

4 Conclusion

The proposed AutoLand presents a novel autonomous framework for data-efficient,
agentic workflows in universal medical anatomical landmark detection. By cou-
pling the Physics Fingerprint for data perception with the Medical DL Library
for strategy reasoning, AutoLand demonstrates robust and adaptable detec-
tion across diverse anatomical targets and imaging modalities. Replacing static
heuristics with dynamic agentic reasoning offers a promising path for reducing
reliance on manual expertise when deploying models to new clinical scenarios.
Future work will extend AutoLand to large-scale 3D volumetric datasets and
incorporate interactive physician feedback to facilitate clinical integration.
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