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




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
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. Input Representation

CxT=H=xD=W

CVMamba Encoder

T frames

Horizontal 3D Heatmaps)

CxTxH=D=xW

xT frames

Vertical 3D Heatmaps

uonuaNy
uonuINY
S5017)

[eaoduag,
.,
w0 JALE]

£ position embedding
@ concatenate

li 1
& element-wise mutiply ﬂ iearfayer

P summation

® Dual radar views (Horizontal + Vertical)
® 3D FFT - Angle X Doppler x Range heatmaps
® Real & Imaginary parts - 2 channels
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Cross-View Fusion
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® Two CNN branches (per view)
® Learnable positional embeddings
® Feature concatenation across views
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Zigzag Scanning Strategy
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CVMamba Encoder
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® State Space Model (SSM) = Linear Complexity

® Long-range spatio-temporal modeling
® Linear memory growth (vs quadratic Transformer)




Multi-Pose STCA Decoder
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® elementl-wise mutiply Keypoint Queires
P summation

® Learnable Keypoint Queries

® J X T queries (Joint X Frame)

® DETR-style decoding

® Each query = one joint at one frame
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® Spatio-Temporal Self-Attention
® Spatial Attention = Joint relations within frame
®* Temporal Attention = Same joint across frames

- Motion consistency
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® Cross-Attention to Encoder

Queries attend to CVMamba features
Global contextual reasoning

Recover missing joints (specular reflection)




Multi-Pose STCA Decoder
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® 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 T AvelLvyel

Velocity Loss (Temporal Smoothness)
T-1 ]

Lo = p :
vel — (T — 1)J;;||vf,j o vf,j”Z

Predicted velocity of jointj at frame f as the
Ur ; which is the difference between predicted joint
and groound truth joint
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Experimental Results

® MilliMamba on TransHuPR Dataset

Method Complexity Joint-wise AP Overall AP
MACs  Params Mem Head Neck Shoulder Elbow Wrist Hip Knee Ankle | AP AP%C AP™
mmPose [23] 855M 150M 67.2MB | 51.2 582 46.8 32.6 177 795 683 573 | 484 884 474
HuPR [13] 68.6 G 355M 3397MB | 57.1 653 54.6 352 206 808 698 609 | 515 895 537
TransHuPR [12] | 58G  53M 2308MB | 684 743 65.4 549 36.5 883 815 743 | 675 969 767
Ours 344G 40M 2241MB | 835 8§74 81.7 69.3 469 932 867 806 785 987 893
® MilliMamba on HuPR Dataset
Method Complexity Joint-wise AP Overall AP
MACs  Params Mem Head Neck Shoulder FElbow Wrist Hip Knee Ankle | AP AP APT
mmPose [23] 855M 150M 67.2MB | 56.1 609 40.6 249 142 632 3586 561 | 414 794 383
HuPR [13] 686G 355M 3397MB | 775 B19 70.3 45.5 223 881 822 731 [ 634 97.0 740
TransHuPR [12] | 3.8G 533M 2308MB | 77.1 786 63.2 556 449 845 836 800 [ 694 951 799
Ours 344G 40M 2241MB 900 918 83.2 752 595 943 936 893 | 84.0 985 949




Experimental Results

® Input Representation

Input Representation | AP APV AP™
density map 58.5 925 627

4D FFT 72.0 97.3 81.8

3D FFT 74.5 985 84.7

® Single Pose vs Multi-Pose

Prediction Strategy | AP AP°Y AP’

Many-to-one 704 97.0 8I1.0
Many-to-many 74.5 98.5 84.7




® One Radarvs Two Radars

Experimental Results

Radar Used Complexity Overall AP
MACs Params Mem AP AP AP™
Hori 173G 32M 121.2MB | 673 958 750
Vert 173G  32M 121.2MB | 745 0985 847
Hori+Vert 344G 40M 2241 MB @ 785 987 893
® Transformer vs CVMamba
Encoder Complexity Overall AP
MACs  Params Mem AP APY  AP™
Transformer | 149G 39M 610.3MB | 654 05.5 73.5
Mamba 56G 32M 447MB | 66.9 957 750
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Visualization Results
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® Conclusion
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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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