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➢ First DP benchmark for 2D-HPE.  
 We evaluate private pose estimation across various 

privacy budgets, clipping thresholds, and multiple 
datasets.

➢ Feature-Projective DP for pose estimation.  
 We combine feature differential privacy with 

subspace projection to reduce DP noise while 
preserving pose- relevant gradients.

➢ Theory and empirical validation.  
 We theoretically show that the combined effect of 

projection and FDP is multiplicative in terms of 
signal-to- noise ratio and convergence speed.

DP-SGD

DP-SGD ensures (𝜖, 𝛿) - 
differential privacy by clipping per 
sample gradients and by adding 
gaussian noise

Per Sample Gradient Clipping:
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Projection based DP-SGD

The noisy gradients are restricted 
to a 𝑘 – dimensional subspace 
spanned by top- 𝑘 eigen vectors 
V ∈ ℝ𝕡×𝕜 

Projection:
𝑔𝑝𝑟𝑜𝑗 = 𝑉𝑉𝑇 𝑔

The update direction is limited to 
informative subspace, reducing 
the noise variance by factor 𝑘/𝑝

Feature Projective DP-SGD

The total loss is decomposed into public 
and private components and DP noise is 
added only to the gradient of private 
component:
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Gradient on Private batch:
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Projection and Update:
𝑔𝑝𝑟𝑜𝑗
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➢ Vanilla DP-SGD causes large accuracy drops 
in 2D-HPE because keypoint localization is 
highly sensitive to noisy gradients.

➢ Separating public visual cues from private 
raw-image information improves utility 
under the same privacy budget.

➢ Projecting noisy gradients into a low-
dimensional pose-relevant subspace 
removes redundant noise.

➢ Combining feature DP and subspace 
projection gives stronger privacy-utility 
trade-offs than vanilla DP-SGD on MPII and 
HumanART.
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➢ HPE relies on sensitive visual data.
 Images can reveal identity, body traits, activity patterns, 

and private environments.

➢ Anonymization is not enough.
 Anonymization may hide visible identity cues, but they 

lack formal privacy guarantees and can remove pose-
 relevant details.

➢ DP gives formal privacy but hurts accuracy.  
 DP-SGD adds noise to training, which strongly affects 

fine-grained keypoint localization.

➢ Reducing DP noise through Feature-Projective DP.
 Feature-Projective DP adds noise only to private image 

gradients and projects noisy updates into a pose-
 relevant subspace.
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Figure 1. Overview of our Feature Projective DP HPE pipeline coupling a TinyViT based 
backbone with Coordinate Classification Keypoint head.
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