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1. INTRODUCTION

Method
MRE ± std ↓

(mm)

SDR (%) ↑

2mm 2.5mm 3mm 4mm

3D U-Net 2.54 ± 0.83 45.29 59.59 70.91 86.36

Two Stage 1.78 ± 0.81 68.93 82.48 88.68 95.37

ABRM 1.66 ± 0.92 79.26 88.43 92.64 96.78

M-GLIA 1.52 ± 0.61 80.86 88.82 92.90 95.91

AV (ours) 1.59 ± 0.64 80.47 87.21 90.83 95.79

2. DATASET

5. ABLATION STUDIES

6. LIMITATIONS & FUTURE WORK

The models are trained on two different 
datasets: the public MMLD dataset and a 
private dataset from Bologna’s Sant’Orsola 
hospital.
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We evaluated the proposed method on the public MMLD 

dataset and on the private Sant’Orsola’s dataset 
measuring Mean Radial Error (MRE) and Successful 
Detection Rate (SDR) at different thresholds. 

AV outperforms competing methods on the private 
dataset, with a significantly better SDR within 2mm.

On MMLD Attention Voting is on par with the state of 
the art, with a MRE gap of less than 0.1mm. Ablations have been carried out to assess the 

contribution of AV and validate the anatomically 
consistent pipeline. 

To isolate the contribution of AV, we performed a 
head replacement experiment in which the coarse 
and fine stages of the model were trained with a 
heatmap regression (HR) head.
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Attention Voting enables to model landmark detection as a matching problem.

1. Learn a set of landmark specific embeddings 𝐸 ∈ ℝ𝑙×𝑒 - one per landmark.

2. Embeddings attend to dense spatial features 𝐹 ∈ ℝ 𝑑×ℎ×𝑤 ×𝑒 to produce 
attention weights.

3. Landmark coordinates are predicted by aggregating the 3D spatial 

coordinates 𝐶 ∈ ℝ 𝑑×ℎ×𝑤 ×3 according to the attention weights.

𝐿 =  𝐴𝑉 𝐸, 𝐹, 𝐶 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥𝑎𝑥𝑖𝑠=−1

𝐸𝑊𝑄(𝐹𝑊𝐾)𝑇

𝑒
⋅ 𝐶

 * The spatial coordinates 𝐶 are not projected before computing SDPA.
** The output 𝐿 represents the coordinates and does not need to be reprojected.

Method
MRE ± std ↓

(mm)

SDR (%) ↑

2mm 2.5mm 3mm 4mm

3D U-Net 3.07 ± 1.8 30.83 43.06 56.94 78.06

SCN 2.47 ± 1.58 45.83 62.2 73.33 86.67

ABRM 2.47 ± 1.48 46.39 60.83 73.61 85.83

M-GLIA 2.44 ± 7.15 66.94 78.33 84.17 91.67

AV (ours) 1.84 ± 3.38 78.61 82.50 86.11 91.67

Anatomical 
Alignment

Consistent 
Fine Crop

Head
MRE ± std 

(mm)

SDR (%)

2mm 2.5mm 3mm 4mm

✗ ✗ AV 1.63 ± 0.63 79.55 86.87 91.16 96.04

✗ ✓ AV 1.62 ± 0.62 78.96 87.63 91.75 95.54

✓ ✓ AV 1.59 ± 0.64 80.47 87.21 90.83 95.79

✓ ✓ HR 2.06 ± 2.29 77.02 85.35 88.72 92.51

Both Attention Voting and the physically consistent 
pipeline contribute to improving the model’s overall 
performance.

Current limitations
1. Outlier predictions remain a limitation, preventing full automation of the task in clinical 

practice.
2. The model is unable to identify the absence of anatomical landmarks, a situation that is 

not uncommon in clinical settings.

Future work
1. Modify the Attention Voting mechanism to enable the recognition of absent landmarks.
2. Exploit the flexibility of Attention Voting to design a predictor capable of detecting an 

arbitrary number of landmarks, specified at test-time by a clinical expert.
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Motivation
Landmark detection is a critical task in maxillofacial surgical planning and 
orthodontic diagnosis. 
Traditionally done manually, which is time consuming.
Achieving high localization accuracy is challenging, particularly in 3D medical 
volumes.

Work and findings
We propose Attention Voting (AV), a modified cross-attention mechanism, for 
landmark detection.

We modify a three-stage detection pipeline to make it anatomically consistent.
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