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Introduction

Why Radar-based Human Pose Estimation?
• RGB cameras → Privacy concerns, Sensitive to lighting
• Radar → Privacy-preserving, works in darkness, smoke, 

occlusion

Core Challenge: Specular Reflection
• Radar only captures surfaces reflecting back
• Small joints (wrist, ankle) are poorly reflected
• Temporal instability
• Orientation sensitivity
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Previous Methods and Their Shortcomings

• Early temporal fusion → Collapse time dimension
• Many-to-one prediction → Lose temporal supervision
• Transformer quadratic complexity → Cannot scale to long sequences
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Solution → Mamba

Why Mamba?
• Linear complexity → longer sequences
• Recovers missing joints via temporal context
• Models space, time, and multi-view jointly
• Higher accuracy with lower memory

Contributions of milliMamba
• CVMamba Encoder enables long-range spatio-temporal 

modeling with linear complexity and cross-view fusion.
• STCA Decoder leverages multi-frame attention to improve 

accuracy and handle missing joints.
• milliMamba achieves state-of-the-art results on HuPR and 

TransHuPR benchmarks.
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Main Architecture

1. Input Represenation
2. Cross-View Feature Fusion
3. CVMamba Encoder
4. Multi-Pose STCA Decoder

1 2
3
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Input Representation

• Dual radar views (Horizontal + Vertical)
• 3D FFT → Angle × Doppler × Range heatmaps
• Real & Imaginary parts → 2 channels

1
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Cross-View Fusion
2

• Two CNN branches (per view)
• Learnable positional embeddings
• Feature concatenation across views
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Zigzag Scanning Strategy

• Range → Angle → View → Frame
• Bidirectional processing

3
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CVMamba Encoder

3

• State Space Model (SSM)  Linear Complexity
• Long-range spatio-temporal modeling
• Linear memory growth (vs quadratic Transformer)
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Multi-Pose STCA Decoder

4• Learnable Keypoint Queries
• J × T queries (Joint × Frame)
• DETR-style decoding
• Each query = one joint at one frame
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Multi-Pose STCA Decoder

4• Spatio-Temporal Self-Attention
• Spatial Attention  Joint relations within frame
• Temporal Attention  Same joint across frames

Motion consistency
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Multi-Pose STCA Decoder

4• Cross-Attention to Encoder
• Queries attend to CVMamba features
• Global contextual reasoning
• Recover missing joints (specular reflection)
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Multi-Pose STCA Decoder

4• Many-to-Many Prediction
• Predict T poses simultaneously
• +4.1 AP over many-to-one 
• Only center frame used at inference
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Training Objective

The overall training objective is 

ℒ = ℒoks + λvelℒvel

Velocity Loss (Temporal Smoothness)

ℒ𝑣𝑒𝑙 =
1
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ො𝑣𝑓,𝑗 − 𝑣𝑓,𝑗 2

2

Predicted velocity of joint j at frame f as the 
ො𝑣𝑓,𝑗 which is the difference between predicted joint

and groound truth joint
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Experimental Results

• MilliMamba on TransHuPR Dataset

• MilliMamba on HuPR Dataset
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Experimental Results

• Input Representation

• Single Pose vs Multi-Pose
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Experimental Results

• One Radar vs Two Radars

• Transformer vs CVMamba



2
2

Visualization Results
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Conclusion

• milliMamba addresses sparse specular reflections in dual 
mmWave radar for robust 2D human pose estimation.

• It combines efficient 3D FFT preprocessing with multi-frame 
Mamba-based spatio-temporal modeling. 

• The framework achieves state-of-the-art performance on 
both TransHuPR and HuPR benchmarks. 

• It delivers a strong balance between accuracy and 
computational efficiency.
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Q&A
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