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Abstract

Human pose estimation (HPE) underpins critical appli-
cations in healthcare, activity recognition, and human-
computer interaction. However, the privacy implications
of processing sensitive visual data present significant de-
ployment barriers in critical domains. Differential Privacy
(DP) provides formal guarantees but often results in steep
performance costs. We introduce the first unified frame-
work for differentially private 2D Human Pose Estimation
(2D-HPE) that achieves strong privacy-utility trade-offs for
structured visual prediction through complementary noise
mitigation mechanisms. Our Feature-Projective DP inte-
grates: (1) subspace projection that reduces noise vari-
ance by a factor k/p by restricting gradient updates to
a k-principal subspace within the full p-dimensional pa-
rameter space, and (2) feature-level privacy, which selec-
tively privatizes sensitive features while retaining public vi-
sual cues. Together these mechanisms yield a multiplica-
tive utility gain under formal privacy constraints. Extensive
experiments on MPII and HumanART datasets across pri-
vacy budgets (e € {0.2,0.4,0.6,0.8}), clipping thresholds
(C € {0.01,0.1,1.0}) and training strategies demonstrate
consistent improvements over vanilla DP-SGD. At € = 0.8,
our method achieves 82.61% PCKh@0.5, recovering 73%
of the privacy induced performance gap. Cross-dataset
evaluation on the HumanART confirms generalization (51.6
AP). Our study provides the first rigorous benchmark and
a practical blueprint for privacy-preserving pose estima-
tion in sensitive, real-world applications. Project page:
https://bhairava2898.github.io/DP2DHPE/

1. Introduction

Human pose estimation (HPE) transforms raw visual data
into structured keypoint representations of human posture
and movements. This fundamental computer vision task en-
ables numerous high impact applications in healthcare, ac-
tivity recognition, human-computer interaction, sports anal-
ysis, and video games [5, 12, 39, 42, 45, 57]. However, as
these systems are increasingly deployed into sensitive en-

vironments such as hospitals, homes, and workplaces, they
introduce severe privacy risks at multiple levels [46].

At the data level, raw images contain identifiable bio-
metric information exposed during collection and process-
ing [67]. At the model level, trained networks can inadver-
tently memorize training data, enabling adversaries to ex-
tract sensitive information through model inversion, mem-
bership inference, and reconstruction attacks [20, 31, 65].
For instance, an adversary can exploit a model’s weights
[22, 53] or gradients [24] to reconstruct distinctive physical
characteristics of patients or sensitive contextual informa-
tion, such as the patient’s home environment from the pri-
vate training dataset [31]. This reconstruction could poten-
tially identify individuals with specific medical conditions
and reveal that they received treatment at a particular facil-
ity during the model’s training period, thereby compromis-
ing both medical confidentiality and location privacy.

Previous privacy-preservation approaches in HPE rely
primarily on data anonymization techniques, such as blur-
ring, pixelation, and template-based shape modeling [3, 25,
49]. While these methods provide some level of privacy
protection, they are often task-specific and can severely
compromise the utility of the data for broader analysis. For
instance, anonymization that removes facial features might
preserve basic joint position information but destroy crucial
clinical indicators needed for stress level assessment or ab-
normal motion pattern detection [6]. Furthermore, these
methods do not offer formal privacy guarantees and remain
vulnerable to more sophisticated attacks, limiting their ap-
plicability in highly sensitive contexts [11, 65]. More-
over, these approaches do not address the inherent vulner-
ability of neural networks to memorization attacks that can
reconstruct training data [22, 53], limiting model sharing
for research and clinical deployment. The inherent tension
between improving model utility and ensuring robust pri-
vacy preservation represents a challenging research prob-
lem [2, 19, 69] that has not been adequately explored in the
context of HPE.

Differential privacy (DP) provides a principled frame-
work for mitigating these risks by offering provable guaran-
tees against information leakage from both data and model
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parameters [1, 17, 18, 23]. However, implementing DP

through DP Stochastic Gradient Descent (DP-SGD) [1],

typically results in substantial performance degradation,

which is particularly problematic for fine-grained vision

tasks like HPE where spatial precision is paramount [13,

15, 64].

In this work, we present the first systematic frame-
work for differentially private learning in 2D Human Pose
Estimation. We demonstrate that directly applying DP-
SGD to 2D-HPE models leads to significant degradation
in utility due to the fine-grained nature of keypoint predic-
tion. We address the privacy-utility trade-off in 2D-HPE,
through two complementary mechanisms. First, we em-
ploy projection-based DP-SGD that constrains noisy gra-
dient updates to a learned k-dimensional subspace (k < d),
reducing noise variance substantially. Second, we integrate
Feature Differential Privacy (FDP), which relaxes differen-
tial privacy by decomposing gradient updates into public
and private components, adding noise only to sensitive fea-
tures. Finally, we propose a hybrid strategy that effectively
combines projection and FDP, yielding multiplicative utility
gains.

To summarise, our core contributions are as follows:

* First systematic DP benchmark for pose estima-
tion: We establish comprehensive baselines for dif-
ferentially private 2D-HPE across privacy budgets
(¢ € {0.2,04,0.6,0.8}), clipping thresholds (C' €
{0.01,1.0}), and training strategies on MPII and Huma-
nART datasets.

* Feature-Projective Private Learning: We propose a
joint mechanism that integrates two complementary noise
reduction strategies, First, a public dataset is used to iden-
tify a low dimensional gradient subspace to filter noise.
Second, from Feature Differential Privacy (FDP), we de-
fine the entire raw image as private and add noise only to
this while simultaneously using its corresponding public
feature to compute a noise free gradient that helps with
improved utility.

¢ Convergence Analysis of Feature-Projective DP: We
show theoretically that the combined effect of projection
and FDP is multiplicative in terms of signal-to-noise ratio
and convergence speed.

We conduct extensive experiments across diverse pri-
vacy budgets, clipping thresholds and training strategies
on both MPII and HumanART datasets. The proposed
feature-projective framework outperforms vanilla DP-SGD,
demonstrating superior privacy-utility trade-offs.

2. Related Work

2.1. 2D Human Pose Estimation and Privacy

Markerless 2D-HPE identifies anatomical keypoints in im-
ages without physical markers, playing a fundamental role

in human motion analysis for healthcare and activity recog-
nition [10, 14]. While traditional heatmap methods based
on CNN architectures [5, 33, 56, 59] and vision-based trans-
formers [37, 38, 48, 60] achieve state-of-the-art perfor-
mance, they suffer from quantization errors and usually re-
sult in large cumbersome networks that are prone to mem-
orization. Regression approaches offer faster, end-to-end
solutions but with reduced accuracy [36, 47, 54]. Coordi-
nate classification approach addresses some of these lim-
itations by treating pose estimation as classification over
discretized coordinates [39], achieving strong performance
with computational efficiency. Knowledge distillation tech-
niques [8, 40, 62, 66] further enhance efficiency and infer-
ence speed by transferring knowledge from large models to
compact architectures.

Protecting user privacy remains critical yet challeng-
ing for HPE, which relies on high-quality images. Recent
work demonstrates that adversaries can reconstruct sub-
stantial portions of private training data solely by analyz-
ing the parameters or gradients of a trained neural network
[22, 53, 70]. Consequently, data sharing in sensitive do-
mains provide limited information, preventing analysis of
crucial clinical indicators that require body shape or fa-
cial information for stress assessment and abnormal mo-
tion detection. Most platforms implement rudimentary pri-
vacy protection through face blurring and pixelation [49],
while more sophisticated methods include skin removal
[25] and template-based shape modeling, and visual pri-
vacy layers that degrade private attributes [26]. However,
these ad hoc methods lack formal privacy guarantees and
suffer from the “onion effect” [11], where removing one
protection layer exposes previously secured features, mak-
ing them vulnerable to privacy attacks [65]. Recent GAN-
based anonymization techniques [28-30] generate realis-
tic anonymized figures, yet introduce artifacts due to pose
detection errors and contextual mismatches. Adversarial
learning approaches [43, 61] attempt to learn privatized
features that obscure sensitive attributes while preserving
task utility. However, these methods assume original data
are unnecessary post-training, compromising interpretabil-
ity, which is essential for clinical validation and diagno-
sis in healthcare applications. Moreover, even advanced
anonymization cannot fully replace real data for training
robust computer vision models [29], highlighting the need
for formal privacy frameworks like differential privacy that
provide quantifiable guarantees without sacrificing data au-
thenticity.

2.2, Utility vs Privacy with DP optimization

DP-SGD [1] is one of the most common methods in devel-
oping privacy-preserved deep learning models because of
the strong privacy guarantees compared to data-independent
methods and its ability to scale to large datasets [17, 23].
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However, DP settings induce a fundamental privacy-utility
trade-off that compromise practical deployment of privacy
preserved HPE [2]. DP-SGD performance depends on loss
function smoothness [55], gradient dimensionality [19, 69]
and clipping threshold selection [35]. It has also been
shown that if the loss function lacks Lipschitz continuity,
the performance of DP-SGD critically depends on carefully
selecting an appropriate clipping threshold; otherwise, per-
formance will not improve significantly, regardless of the
amount of training data or iterations [19]. Recent research
has sought to improve the utility-privacy trade-off by re-
laxing traditional differential privacy [21, 44, 51]. [51] en-
hanced the utility of DP by introducing Selective Differen-
tial Privacy, which protects only sensitive tokens within lan-
guage models, while leaving non-sensitive elements unper-
turbed. [44] proposed Feature Differential Privacy, a gen-
eralized DP framework that explicitly categorizes features
as either protected or public, enabling targeted noise appli-
cation that enhances utility. Both methods demonstrate that
targeted protection of sensitive attributes substantially miti-
gates the privacy-utility trade-off compared to classical DP.

3. Methodology

3.1. Preliminaries: Differentially Private Stochastic
Gradient Descent (DP-SGD)

Privacy-preserving machine learning requires a rigorous
mathematical framework to quantify privacy guarantees.
DP provides such a framework by measuring in the con-
text of databases how much the inclusion or exclusion of a
single data point can influence the output of a randomized
algorithm [17, 23]. This comparison allows us to bound the
information leakage about any individual data point.

Consider two neighboring datasets-identical except for a
single sample. The level of DP ensured by a randomized
algorithm M is provided by the following definition.
Definition 1: (¢, ¢)-Differential Privacy: A randomized al-
gorithm M with domain D and range R is said to be (¢, §)-
DP if, for any subset S C R and for any neighboring
datasets d, d’ € D, the following condition holds:

PM(d) € ] < e* -PIM(d) € S]+6 (1)

In this definition, € (privacy budget) controls the strength of
the privacy guarantee. Smaller values of ¢ provide stronger
privacy. The parameter § represents the probability that
the privacy guarantee fails and is typically set to be cryp-
tographically small.

In the context of HPE, differential privacy ensures that
the inclusion or exclusion of a single training image, which
potentially contains identifiable biometric information, does
not significantly affect the model’s learned parameters or

predictions. Therefore, DP trained models provide a for-
mal measure of privacy protection [17], effectively miti-
gating risks from various attacks, including membership
inference[52] or reconstruction attacks[70].

A common approach for ensuring differential privacy
during neural network training is DP-SGD, which enforces
an (g, 0)-DP guarantee on gradient updates [1, 9, 16]. This
mechanism involves clipping gradients to a fixed L2-norm
threshold (C) and adding Gaussian noise calibrated based
on desired privacy budget (¢, 6). This process ensures that
no single training sample can disproportionately influence
the model update [34].

3.2. Architecture

For our 2D-HPE models, we adopt TinyViT [58] as the
backbone. This compact, four-stage efficient hierarchical
vision transformer is well suited for resource-constrained
vision tasks. Its smaller size is highly beneficial as the er-
ror bounds of DP-SGD are known to scale with number of
parameters[7]. The model adopts a multi-stage architec-
ture wherein the spatial resolution is progressively reduced
and the feature representation expands. TinyViT follows a
hybrid architectural design containing convolutional layers
at the initial stages followed by self-attention mechanisms.
Unlike standard ViT models, TinyViT employs a two-layer
convolutional embedding. In the first stage of the network,
it employs MBConv [27] blocks from MobileNetV2 to ef-
ficiently learn the low-level representation. The last three
stages consist of transformer blocks hierarchically. Each
stage consists of multi-head-self-attention (MHSA) layers,
feed forward network (FFN) and 3 x 3 depthwise convolu-
tions between the MHSA and FFN layers.

For keypoint localization, we augment the TinyViT
backbone model with a coordinate classification output
stage [39]. Given an input image I € RE*H*W and a
ground truth keypoint p; = (z;, y;) for the i'™ joint, the con-
tinuous coordinates are quantized into discrete bins via a
splitting factor ¥ > 1. Formally, the quantized coordinates
are computed as:

pi = (lzi- k], lyi-k]),

where |- | denotes the rounding operation. This binning re-
duces quantization error while preserving high localization
precision. The complete architecture is depicted in Figure
1.

Within our network, the Convolutional head produces a
16-channel feature map, with each channel corresponding
to a specific joint. These joint-specific features are Upsam-
pled and flattened to form a compact representation used
for classification over the discrete coordinate bins. To im-
prove robustness, we employ Gaussian label smoothing on
the classification targets. This smoothing accounts for spa-
tial correlations by assigning soft labels that reflect the rel-
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Figure 1. Overview of our private HPE pipeline coupling a TinyViT based backbone with Coordinate Classification Keypoint head.
The Public feature batch B, is generated from the private batch B4, using 1 both of which are given as input in a single iteration.

Additionally, a public image set Bg;gj

Red Arrow indicates the propagation of private gradients and

independent of By, is used to calculate public gradients for projection at specified intervals.

indicates propagation of public feature gradients. Blue Dotted

Arrow indicates the propagation of cumulative denoised gradient from Feature Projective DP.

evance of neighboring bins. Finally, the discrete classifica-
tion outputs are decoded back into continuous coordinates
to yield the final keypoint predictions.

3.3. Projection Based DP-SGD

Training dynamics in deep networks exhibit intrinsic low-
dimensional structure, where meaningful gradient updates
concentrate within a subspace significantly smaller than the
full parameter space. We leverage this by identifying and
projecting noisy gradients onto informative subspaces, fil-
tering out less relevant directions while preserving signal
quality under differential privacy constraints. In this way,
we preserve the signal quality of gradient updates while
adhering to DP constraints [68]. To estimate the intrinsic
structure of the gradient space, we employ a small auxiliary
public dataset Sp,p, Which is drawn from a similar distri-
bution as that of private training set. This subset is used to
estimate the principal subspace of the gradient covariance.
Given the model parameters w € RP, the second moment
matrix of gradients over S, is calculated as:

M(w) = 3 Vitw VI, 2T @

i=1

where m denotes the number of public samples and Z;
represents an input sample from S,,;. The eigenvec-
tors corresponding to the top k eigenvalues are stacked
to form the projection matrix V € RP**F which forms
the low-dimensional approximation of the full gradient
space; this maps the p-dimensional gradients to a smaller
k-dimensional subspace. This projection matrix is updated
periodically to accommodate changes in gradient distribu-
tions over the training period.

In the DP-SGD setup, for each mini-batch sampled from
the private dataset Sp,;,, per-sample gradients are com-
puted and the sensitivity of each individual gradient is
bounded by the clipping threshold C:

gi = clip(Vi(w, z;),C) 3)

The clipped gradients are aggregated over the batch and
Gaussian noise is added to ensure differential privacy

-5 )

where B is the size of the mini-batch and o is the standard
deviation. The full noisy gradient g is then projected onto
the estimated low-dimensional subspace as

Gproj = (VVT)g (5)

This restricts the update direction to the subspace where
the gradients exhibit the highest variance, thereby filtering
out noise components residing in less informative direc-
tions. The model parameters are then updated using the
projected gradient. Since the projection is applied as a post-
processing step after noise addition, the overall DP guaran-
tee remains intact.

3.4. Feature Projective DP-SGD for HPE
3.4.1. Feature Differential Privacy

> G+ N(0,0°C?T) ()

i€B

To enhance the model utility in our 2D HPE task, we extend
the standard DP-SGD framework using Feature Differential
Privacy (FDP). FDP exploits the transformation of the train-
ing image into private and public variants, selectively ap-
plying differential privacy only to sensitive features while
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freely utilizing non-sensitive(public) information [44]. For-
mally, let each sample be x; € Syq:q(a raw training image
with keypoint labels), and let ¢» : S — F be a public fea-
ture map such that ¢(x;) is the public variant of the raw
image x; and let f : [0, 1] — [0, 1] be a trade-off function.
A randomized mechanism M satisfies f-FDP with respect
to 1 if, for any two datasets d, d’ differing in exactly one
image-label pair x; # x/ but having identical public repre-
sentations (1(x;) = ¥ («})) and for all subsets S for range
of M:

PIM(d) € S] < 1— f(PIM(d) € S]) (6)

Then, we say the mechanism is (&, §)-DP with respect to ¢
iffitis f-FDP for f(x) = 1—§—e°2. Motivated by this def-
inition, the FDP-SGD method, explicitly distinguishes be-
tween public and private (raw) images to improve pose esti-
mation accuracy under the same privacy budget as standard
DP. Specifically, for each image-keypoint pair, we define a
public loss lpus(w, 1(x)) which captures the coarse pose
estimation based on the definition of 1. The private loss
lpriv(w, ) captures the sensitive, fine-grained details of the
human that requires privacy protection. Then the overall
loss can be given as:

l(wax) = lp’r"'iv(wvx) +lpub(w7¢(x)) (7)
3.4.2. Training with Feature-Projective DP

To maximize the privacy utility tradeoff, we introduce
Feature-Projective DP, a hybrid approach that integrates the
two approaches outlined in Sections 3.3, 3.4. The complete
algorithmic details of this integrated approach are provided
in Algorithm 1.

This approach synergizes two key ideas: First we adopt
the FDP framework to decompose the total loss into a pub-
lic component [,,,,;, (computed on public features (z)) and
a private component l,;, (computed on raw image x). This
ensures that DP noise is added only to the gradient of sen-
sitive private component. Second, we apply the projection
technique to filter noise, restricting the private gradient up-
date to the most informative k-dimensional subspace. As
shown in Algorithm 1, our Feature-projective DP method
proceeds at each iteration ¢ by first sampling two separate
and independent batches from Sg4t,. On the public batch
B}, we compute the gradient as:

Gy = B% S Vhulwe s, () ®)

p“‘weB‘

psi

Similarly, on the private batch Bfm»v, we compute and clip
the gradient of the private loss to the clipping norm C' as g,

then aggregate and add gaussian noise:

A———
priv — t
1B,

TV |

> GHN(©0,°CT) | (9)

z€B!

priv

We then denoise g;fm-v by applying the subspace projection
from Eq.5 as a post-processing step given as:

g;f)roj = (‘Zf‘;YtT)g;Tw (10)
The final gradient update g, is the sum of the clean public
component and the denoised private component. The model
parameters are then updated as:

9t = Gpub + Gpro (11)

Wy = Wr—1 — NGt (12)

where 7; denotes the learning rate.

3.4.3. Convergence Analysis of Feature-Projective DP

The convergence analysis of our method formally estab-
lishes the utility gain as observed from our empirical re-
sults and is a direct corollary of the separate analyses from
[44, 68].

Let the empirical risk be L, (w) = LS U(w, 2;) on
a private dataset S, of size n.
Assumption 1. The loss [(w, ) can be decomposed into
public and private components as given in Eq. 7.
Assumption 2. The full loss L,(w) is p-smooth, the
full gradient ||VI(w,z)||2 < G is bounded where G de-
fines the sensitivity for subspace reconstruction error and
the private gradient is bounded by the threshold C' as
[|Vipriv(w, z)||2 < C, where C' < G.
Assumption 3. We have access to a separate public dataset
Spup of size m and V, € RP** is the k-dimensional projec-
tion matrix computed from top-k eigenspace (from Eq. 2)
on Spyp at iteration wy_.
Assumption 4. Assuming the principal component of the
gradient dominance condition is satisfied and under this,
we denote the eigengap at iteration ¢ as oy and A =
% Zthl 1/a? be average inverse squared eigengap and re-
fer to v2(W,d,) as the associated complexity measure
(where WV iterate set of the weights and d,, is distance be-

tween them), as defined in [69].
Under these assumptions, setting the total iterations 1" =

O(n?e?), the average expected gradient norm of feature-
projective DP is bounded by:

1 & . s ~(k-p-C? AG*p?72 (W, dy) Inp
—STE||VE, 2<0 1)
R

m

)

Privacy Error Reconstruction Error

13)
The convergence is bound by two terms: a reconstruc-
tion error inherited from use of public dataset .Sy, and pri-
vacy error from the gaussian noise. By combining both
the approaches, the privacy error scales with both the re-
duced dimension k£ and reduced gradient norm C' which
can be understood from the error bound changing from
O(p-G?) — O(k-C?) which explains the feature-projective
DP’s higher utility for the same (&, §)-FDP guarantee.
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Algorithm 1 Feature Projective DP-SGD

Require: Full dataset Sgata = {x1,...,%,}, split into
public subset Spub C Sdata (size m) and private re-
mainder Spriv = Sdata \ Spub, public feature map 1),
combined loss ¢(w, z) with public and private losses
lpub, lpriv, clip norm C, noise std. o, subspace dim k,
batch size B, iterations 7', learning rate {7, }.

1: Initialize model parameters wy € RP.

2. fort=1,...,T do

3: (1) Subspace identification on S,
4:  Compute

1 B ~
Mt — E Z Vﬁ(wt_l,z)vawt—l’Z)T

2E€ESpub

Compute the top-k eigenvectors of M;.
Form the subspace basis V; € RP*¥,
AT
Compute the projector V; V;, € RP*P,
(2) Compute public and private feature gradient:

ol P AN 4

9:  Sample public batch B ;; C ¢(x) : & € Spriv
10:  Compute

1

Gpub = B > Vipus(wi-1,9())

| psi‘ zEB! .

11:  Sample private batch B!, C Sy

12:  Compute the clipped gradient g;, aggregate and add
Gaussian noise

1 -
g;m’v = W Z gt +N(07 0—202‘[)
priv "CEB;riu
13 Project: gt .= (ViV, ). gt €RP
3: roject: 9proj ( t Ve ) Ipriv € .
14 Merge Public and Private projected feature gradients

gt = g‘fmb + g;fzroj
15:  Update: wy = wy—1 — Mt gy

16: end for
17: return wr.

4. Experiments

4.1. Dataset and Implementation Details

In our experiments, we evaluated our framework on two
widely used human pose datasets: MS COCO Keypoint
Dataset [41] and MPII dataset [4]. Our methodology as-
sumes that the COCO dataset serves as a public dataset used

for pre-training the network weights, while MPII/ Huma-
nART functions as a private dataset on which we apply the
differential privacy techniques.

Specifically, our models are pretrained on the COCO
train2017 set, which consists of approximately 118k im-
ages with around 140k annotated human instances, each
with 17 joint annotations. The val2017 set consisting of
around 5k images is used for validation. For evaluating
the trade-off between utility and performance under vari-
ous DP-SGD techniques we employ the MPII Human Pose
Dataset consisting of 40k human instances, each labeled
with 16 joint annotations. When transferring the model
from COCO to MPII, we adjust for the keypoint discrep-
ancy between datasets. We employ the Percentage of Cor-
rect Keypoints normalized by head (PCKh) [4] as an evalu-
ation metric.

To further assess the generalization of our privacy-
preserved pose estimation models under domain shift and
visual diversity, we conduct additional experiments on the
Human-Art dataset [32]. Human-Art is a recently intro-
duced, large-scale human-centric benchmark designed to
bridge natural and artificial visual domains. It contains
50,000 high-quality images with over 123,000 person in-
stances across 20 diverse scenarios, spanning natural scenes
(e.g., cosplay, drama, dance) and a wide spectrum of artis-
tic styles (e.g., oil paintings, sculptures, digital art, water-
color, and murals). Compared to conventional datasets like
MPII or COCO, Human-Art presents significantly greater
challenges for pose estimation due to the presence of styl-
ized or abstract human depictions, exaggerated or distorted
body proportions, occlusions, artistic textures, and uncon-
ventional poses. We follow the standard MS COCO evalu-
ation protocol and report the Average Precision (AP) as the
primary metric.

Our experimental framework explores three distinct DP
training scenarios: Fine-Tuning with frozen backbone, Full
Fine-Tuning and, Training from scratch. For the first sce-
nario, we specifically freeze the first three stages of the
backbone and finetune the fourth stage and all instances of
layer norm[13]. To generate the public feature map, we em-
ploy Gaussian blur as ¥ which effectively suppresses facial
and body structure details. Details on datasets, training and
privacy related parameters are provided in the supplemen-
tary.

4.2. Results and Analysis on MPII dataset

For comprehensive comparison, all experimental results
across training strategies, clipping thresholds and privacy
budgets are visualized in Figure 2.

!Full tabular results are provided in the supplementary material.
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Figure 2. Comparison of PCKh@0.5 on MPII dataset across pri-
vate and non-private methodologies under different training strate-
gies with varied privacy budget (¢) and clipping thresholds (C).'
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Figure 3. Comparison of AP on HumanART dataset across private
and non-private methodologies under different training strategies
with varied privacy budget (¢) and clipping thresholds (C).!

4.2.1. Non-Private Baseline Results

Table | presents baseline pose estimation performance of
our model on the MPII dataset under three training strate-
gies: (i) finetuning from a COCO-pretrained model, (ii)
finetuning from scratch (initialization with COCO pre-
trained weights and all layers are trained), and (iii) train-
ing from scratch (random initialization). Additionally, we
report results from using only public features (blurred im-
ages) under the same strategies to provide context for eval-
uating privacy-utility trade-offs. As expected, the finetun-

Table 1. MPII Results: Non-Private Baselines for our HPE model
on the MPII dataset

Training Strategy | Head | Shoulder | Elbow | Wrist | Hip | Knee | Ankle | Mean | Mean@0.1

Finetuning 97.07| 95.86 | 89.59 | 83.61|89.29|85.31|81.48|89.36| 31.33
Finetuning from scratch 96.45| 95.84 | 88.07 | 82.18 | 88.78|83.01 | 79.45 | 88.28 28.11
Training from scratch 93.89| 89.32 | 75.34 |65.24|80.04 | 66.15 | 60.60 | 76.89 17.26
Finetuning on Public features 94.30| 93.95 | 83.21 |75.19|83.53|76.86 | 72.76 | 83.61 20.81
Finetuning from scratch on Public features | 88.71 | 84.32 | 69.71 | 54.37 | 70.24 | 61.67 | 55.12 | 70.32 11.36
Training from scratch on Public features 1531| 20.01 17.19 | 12.59(25.04 | 16.90 | 10.91 | 17.99 0.78

ing strategy achieves the highest mean accuracy of 89.36%
followed by finetuning from scratch (88.28%) and training
from scratch (76.89%), which is to be expected. These non-
private baselines establish upper bound performance refer-
ences for evaluating differential privacy impact. When the
model relies only on public features(gaussian blurred im-
ages), performance reduces significantly. While finetuning
on public features maintain reasonable accuracy, the other
training strategies yield substantially compromised results,
confirming that fine-grained visual details in raw images are
critical for accurate pose estimation.

4.2.2. DP-SGD Baseline Results

Figure 2 presents the PCKh@0.5 results on MPII dataset
under the aforementioned training strategies using DP-
SGD. Experiments were conducted across multiple settings
with varying privacy parameters (¢ € {0.2,0.4,0.6,0.8})
and clipping thresholds (C' € {0.01,0.1,1.0}). For stan-
dard finetuning with DP-SGD, lower clipping thresholds
consistently yield better pose estimation results across dif-
ferent privacy levels. Specifically, at C' = 0.01, the model
achieves substantially higher accuracy of 63.85% mean
PCKh@0.5 at the tightest privacy loss(e = 0.2) compared
to C' = 0.1 (28.46%) and C' = 1.0 (5.94%). This is indeed
because of the fact that the effective noise magnitude grows
linearly with the C' thus our results confirm this.

Notably, finetuning the COCO-pretrained Tiny ViT back-
bone significantly mitigates the DP induced performance
degradation compared to training from scratch or finetun-
ing from scratch [63]. This indicates that pretrained human
pose based feature representations provide robust feature
priors that enable DP-SGD to adapt effectively to private
pose datasets, while maintaining resilience to noise corrup-
tion.

4.2.3. Performance Analysis of Subspace Projection

We maintain identical training strategies and privacy pa-
rameters to ensure direct comparison with both non-private
and DP-SGD baseline methods. Our subspace projection
approach demonstrates substantial performance improve-
ments across multiple configurations. At the most restric-
tive clipping threshold (C' = 0.01), projection yields signif-
icant gains from 63.85% to 78.48% at € = 0.2 and from
78.17% to 80.63% at ¢ = 0.8. This enhancement oc-
curs because, while Gaussian noise is injected uniformly
across all gradient components, only a subset of directions
carry meaningful pose-relevant information. By project-
ing onto the learned subspace, we effectively discard the
noise in irrelevant directions, thereby improving signal-to-
noise ratio and preserving essential pose estimation fea-
tures. At C' = 0.1, the projection approach consistently
outperforms baseline DP-SGD. Finetuning increases accu-
racy from 73.13% to 77.41%, while training from scratch
improves from 9.80% to 13.05%. However, for the fine-
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Figure 4. Depiction of qualitative results on DP-SGD, Projection DP-SGD and Feature Projection DP-SGD. We specifically show results

on Finetuning with C' = 0.1 at various privacy budgets.

tuning from scratch strategy, the curve plateaus slightly be-
low regular DP-SGD. We attribute this phenomenon to the
interaction between injected gaussian noise and subspace
reconstruction error[68]. At the largest clipping threshold
(C' = 1.0), we observe non-monotonic patterns. Under this
condition, the raw gradients become dominated by noise,
leading to unstable parameter updates and local dips in ac-
curacy.

4.2.4. Performance analysis of FDP and Feature-
Projective DP

Feature DP consistently outperforms vanilla DP-SGD
across all experimental configurations. Under finetuning
with C' = 0.01, FDP achieves substantial improvements,
from 63.85% to 75.46% at € = 0.2 (11.61% gain) and from
78.17% to 80.40% at ¢ = 0.8 (2.23% gain). This is con-
sistently observed across all training strategies and clipping
values. Integrating FDP with subspace projection results in
the highest accuracy across all experimental settings. Even
under the most challenging conditions with stringent clip-
ping of C' = 1.0, where standard DP-SGD achieves only
12.53%, Feature-projective DP attains 71.66%, represent-
ing a six fold relative gain.

The largest improvements occur when training from
scratch. With C = 0.1 and € = 0.8, vanilla DP-SGD
achieves merely 6.85% accuracy, while FDP alone attains
11.22%. However, the combined Feature-Projective DP ap-
proach achieves 33.48%. This demonstrates that combining
both techniques boosts utility drastically especially in large
noise induced scenarios, where neither alone suffices to re-
cover strong pose features from corrupted gradients. Fig-
ure 4 depicts few qualitative results across different privacy
strategies along with ground truth.

4.3. Cross-Dataset Evaluation on HumanART

We further evaluate our feature-projective DP framework on
the HumanART dataset, which contains stylized and artis-
tic human figures with substantial visual domain shifts rel-
ative to natural images in MPIL. As shown in Figure 3, our
method maintains a strong privacy-utility balance across all

privacy budgets, achieving 51.6 mAP at ¢ = 0.8 with fine-
tuning strategy at C' = 0.01. For clarity, we report only
finetuning and finetuning from scratch at C' = {0.01,0.1},
as these are the only settings that yield stable and practically
useful performance. Training from scratch or using C' =
1.0 yields negligible accuracy. Results are visualised in Fig-
ure 3 while full tabular results are provided in supplemen-
tary. Notably, under non-private training, finetuning from
scratch achieves higher accuracy (69.5 mAP) than finetun-
ing by freezing the backbone (63.3 mAP), as expected from
the greater capacity for task-specific adaptation. However,
this trend reverses once DP is applied. We attribute this be-
havior to the addition of DP noise and clipping where updat-
ing a smaller subset of parameters concentrates the effective
learning while reducing total injected noise. This observa-
tion aligns with prior findings[50] that DP noise dispropor-
tionately harms larger parameter regimes.

5. Conclusion

Our work presents the first differentially private (DP) ap-
proach to 2D human pose estimation (HPE), addressing
critical privacy concerns while maintaining utility. Our re-
sults clearly establish that the synergistic combination of
feature-level privacy and subspace projection dramatically
enhances utility across all settings. Importantly, our pro-
posed Feature-Projective DP 2D-HPE approach achieved
up to 82.62% mean PCKh@0.5 on MPII and 51.6 mAP on
HumanART at € = 0.8, significantly narrowing the gap to
non-private performance under strong formal privacy guar-
antees. Crucially, the proposed approach requires no man-
ual curation of private features, as it automatically protects
the entire raw image, ensuring privacy preservation for both
individuals and their spatial environments.
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