Differentially Private 2D Human Pose Estimation

Supplementary Material

Symbol Definition
Data and Features
Sdata Full dataset of size n
Spub Public subset for subspace estimation, size m
Spriv Private subset for training, size n — m
T Data sample with private features
P(z) Public feature map (non-sensitive transformation)
Bypriv Private mini-batch
By Public mini-batch for Feature-DP
Model and Loss
w € RP Total model parameters
U(w, z) Total loss function
Loviv (W, ) Private loss component (depends on private features)
Loub(w, 1 (a Public loss component (depends only on v(z))
L (w) Empirical risk: £ 3" | #(w, z;)
p Lipschitz constant of the gradient (smoothness parameter of loss)
Gradients and Sensitivity
Vi(w,x) Full gradient
Vlpiv (w, ) Private gradient component
Vlpub(w,¢(x))  Public gradient component
G Full gradient sensitivity: |V{(w,z)|s < G
C Private gradient sensitivity: || Vi (w,z)|]2 < C
gt Gradient estimate at iteration ¢
g Clipped gradient

Subspace and Projection
Subspace dimension (k < p)

My Gradient covariance matrix at iteration ¢

V,, € RP*k Top-k eigenvectors of M, (subspace basis)
Ai(My) i-th eigenvalue of M; (ordered: \; > Xy > ...)

o Eigengap: A, (M) — Ngg1(My)

A Average inverse squared eigengap: % Zf:l 1/a?
Ya(W, duw) Complexity measure for set of all possible model iterates VW

Privacy and Optimization
(,0) Differential privacy parameters

o Gaussian noise standard deviation

T Total number of iterations

M Learning rate at iteration ¢

Table 1. Summary of Notation

1. Implementation Details

Our models are pretrained on the COCO train2017 set,
which consists of approximately 118k images with around
140k annotated human instances, each with 17 joint anno-
tations. The val2017 set consisting of around 5k images is
used for validation. For evaluating the trade-off between
utility and performance under various DP-SGD techniques
we employ the MPII Human Pose Dataset consisting of
40k human instances, each labeled with 16 joint annota-
tions. When transferring the model from COCO to MPII,
we adjust for the keypoint discrepancy between datasets.
We employ the Percentage of Correct Keypoints normalized
by head (PCKh) [1] as an evaluation metric.

To assess model generalization under significant domain
shifts, we utilize the Human-Art dataset [3], a large-scale
benchmark designed to bridge natural and artificial visual
domains . The dataset comprises 50,000 images with over
123,000 instances across 20 diverse scenarios, encompass-
ing both natural scenes (e.g., dance, drama) and artistic rep-
resentations (e.g., oil paintings, digital art) . Human-Art
presents unique challenges absent in conventional datasets
like MPII, including abstract depictions, distorted body pro-
portions, and unconventional poses . We adhere to the stan-
dard MS COCO evaluation protocol, reporting Average Pre-
cision (AP) as the primary metric .

All models are trained under differential privacy con-
straints using DP-SGD with various clipping norms and pri-
vacy budgets (¢). Each model undergoes training for a total
of 25 epochs, as we empirically observed no significant per-
formance improvements when extending training beyond
this duration under DP constraints. Throughout all exper-
iments, we maintain a fixed input resolution of 256 x 192
pixels to ensure consistency across experiments and enable
comparison with prior work.

For the privacy parameter settings, we use three gradient
clipping norms C = {1.0,0.1,0.01}, with target privacy
budgets of ¢ = {0.2,0.4,0.6,0.8}. We adopt Renyi Dif-
ferential Privacy (RDP) [5] for privacy accounting with the
privacy parameter 6 = 4e — 5.

For the projection method, we randomly select 100 sam-
ples from the training dataset of MPII as S, (ensuring no
image overlap with the private data) with the remaining data
forming the private training set Sp,;,. The default projec-
tion dimension K is set to 50 for all experiments.

To generate the public feature map, we employ Gaussian
blur as ¢ with a kernel size of (25,25) and standard de-
viation ox = 10, which effectively suppresses facial and
body structure details. We deliberately blur the entire im-
age rather than selectively masking human regions, as this
approach provides comprehensive privacy protection by ob-
scuring not only human identities but also contextual envi-
ronmental details as depicted in Figure 1(e).

1.1. Convergence Analysis of Feature-Projective DP

To contextualize our contribution, we first present the pri-
vacy error bounds for the baseline methods. The conver-
gence of standard DP-SGD for non-convex objectives is



limited by a privacy error term that scales with the ambient
dimension p and the full gradient sensitivity G, specifically
(5(%) [2, 6]. The two frameworks we synthesize target
distinct factors of the privacy error:

Gradient Projection (PDP-SGD) [7]: reduces the dimen-
sional dependence by projecting the noise onto a lower-
dimensional subspace, replacing p with the subspace di-
mension k. This yields a privacy error of @(%)
Feature-DP (FDP) [4]: reduces the magnitude dependence
by privatizing only the sensitive private loss component, re-
placing the full sensitivity G with the private sensitivity C'.
This yields a privacy error of @(%)

The convergence analysis of our method formally estab-
lishes the utility gain as observed from our empirical results
and is a direct corollary of the separate analyses from [4, 7].

Let the empirical risk be L, (w) = = 37 I(w,z;) on
a private dataset S, of size n.
Assumption 1. The loss [(w,z) can be decomposed
into public and private components given as {(w,z) =
f;ﬂriv (w’ 3?) + epub(w’ w(”“'))
Assumption 2. The full loss L, (w) is p-smooth, the
full gradient ||V{(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
[|Vepriv(w, )|]2 < C, where C' < G.
Assumption 3. We have access to a separate public dataset
Spup of size m and Vt € RP*F is the k-dimensional projec-
tion matrix computed from top-k eigenspace as M (w) =
LS Vi(w, %)Vi(w, Z)T on Syus (Eq.2 of main pa-
per) at iteration wy_1.
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 2 (W, d,,) as the associated complexity measure
(where WV iterate set of the weights and d,, is distance be-
tween them), as defined in [8].

Under these assumptions, setting the total iterations 7" =

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

1 & - 2 (k-p-C? AG*p2~42(W,dy) Inp
— E||V L, (w: <Ol ——— (@]
R S

m

Privacy Error Reconstruction Error

()]
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 %&£ 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.

2. Per Joint PCKh@0.5 on MPII and AP on
HumanART

We provide an extensive evaluation of our proposed train-
ing strategies on the MPII dataset (Tables 2 - 5), highlight-
ing the impact of gradient clipping norm C, privacy bud-
get £, and initialization strategies across four setups: vanilla
DP-SGD, DP-SGD with projection, Feature DP-SGD, and
our proposed Feature Projective DP. In the baseline DP-
SGD (Table 2), fine-tuning from a pretrained model with
C = 0.01 and € = 0.8 achieves a mean PCKh of 78.17%,
while the same configuration trained from scratch drops to
12.74%, emphasizing the importance of pretrained repre-
sentations under privacy constraints. Incorporating gradient
projection (Table 3) significantly improves results across all
settings, with fine-tuning at C' = 0.01,e = 0.8 reaching
80.63% mean PCKh, and even training from scratch im-
proving to 13.96%. Feature DP (Table 4), which perturbs
only the private gradient component, also shows substan-
tial gains over vanilla DP-SGD, particularly for pretrained
models (80.41% at C = 0.01, ¢ = 0.8). However, the most
consistent and robust performance is achieved with our Fea-
ture Projective DP method (Table 5), which combines both
projection and selective privatization. It reaches a peak
mean PCKh of 82.50% when fine-tuning with C' = 0.01
and € = 0.2, and maintains performance above 81% across
all e values, which shows strong utility even under tighter
privacy budgets. Notably, feature projective DP is the only
setup where fine-tuning from scratch reaches competitive
accuracy (79.95% at e = 0.8), significantly outperforming
all baselines and confirming its ability to generalize under
both high privacy constraints and limited initialization. Ad-
ditionally, we provide the qualitative results in Figure 1.
These results collectively validate that our combined ap-
proach effectively mitigates utility loss inherent in private
learning for structured prediction tasks such as human pose
estimation.

On the HumanART dataset, we evaluate our differen-
tially private methods under the same four configurations
as MPII: DP-SGD, DP-SGD with projection, Feature DP-
SGD, and Feature Projective DP-SGD, reporting COCO-
style average precision (AP) and recall (AR) metrics. Un-
like MPII, HumanART introduces substantial domain shift
with stylized, abstract, and artistically distorted human fig-
ures, making it a much more challenging setting for gener-
alization under differential privacy. As such, several con-
figurations, especially those involving large clipping norms
(C' = 1.0) or training from scratch without pretraining re-
sult in negligible utility, often with AP scores below 1%,
and are omitted from the main tables due to lack of inter-
pretability. In the baseline DP-SGD setup (Table 6), only
the most favorable setting (C' = 0.01, € = 0.4) yields mod-
erate performance, achieving 40.7 AP. However, once pro-



Table 2. MPII Results: DP-SGD.

Privacy Parameter(e) Head Shoulder Elbow Wrist Hip Knee Ankle Mean Mean@0.1
Finetuning
C=1.0
e=0.2 0.00 5.15 1331 600 1020 218 021 594 0.29
e=04 0.99 6.27 1483 7.68 1297 238 326 8.36 0.34
e=0.6 0.31 13.06 21.56 843 19.16 3.00 3.59 12.19 0.58
e=0.8 297 10.43 19.16 7.06 2231 375 812 1253 0.61
C=0.1
e=0.2 30.73 3551 3119 1343 37.96 1259 1330 2846 1.61
e=0.4 4301 4992 4798 2020 50.67 1822 21.56 39.78 243
e=0.6 53.10 59.51 52.00 24.55 58.54 22.65 22.65 45.18 2.86
e=0.8 64.56 6444 5300 2829 60.05 3029 2874 4993  3.42
C=0.01
e=0.2 7814 8336 6521 4749 69.98 4735 39.02 63.85 5.68
e=04 8383 88.88 77.02 6383 74.87 62.50 52.12 73.77 9.30
e=0.6 87.11  90.05 78.71 70.05 7537 66.61 59.42 76.85 11.05
€e=0.8 87.79  90.32 7895 7199 7791 69.07 61.55 78.17 11.91
Finetuning from scratch
C=1.0
€e=0.2 4.09 2.96 082 151 071 075 059 1.39 0.06
e=04 6.51 7.51 344 367 166 1404 1.06 595 0.22
€e=10.6 16.17 11.79 741 392 923 927 182 8.67 0.37
e=0.8 8.94 17.05 840 379 10.04 838 295 934 0.39
C=0.1
e=0.2 1248 20.87 1570 1091 2339 13.96 836 16.11 0.68
e=04 16.68 22,69 21.15 11.10 24.10 12.98 938 18.64 0.80
€e=10.6 2326  28.07 21.70 13.06 26.92 14.57 9.73 21.73 1.07
€e=0.8 28.58  29.14 21.36 13.18 27.40 1431 9.09 22.74 1.10
C=0.01
e=0.2 28.89 31.52 2243 1211 27.37 1672 10.39 24.05 1.16
e=04 4925 4319 2628 15.01 33.58 18.05 15.28 30.94 1.86
e=0.6 6020 50.68  30.99 16.99 37.84 20.15 20.34 3577 2.25
e=0.8 62.28  54.33 36.48 21.66 43.36 2243 2142 39.86 2.86
Training from scratch
C=1.0
e=0.2 0.14 0.05 037 0.02 064 026 035 030 0.02
e=04 1.71 0.07 007 015 028 328 0.02 0.68 0.03
e=0.6 0.03 4.64 000 125 090 3.10 0.05 145 0.07
e=0.8 0.31 0.00 176 026 0.00 0.00 090 044 0.02
C=0.1
e=0.2 0.03 297 7.01 128 123 050 233 0.09
e=04 0.14 5.04 649 469 1887 0.67 024 584 0.23
e=0.6 0.10 9.51 801 958 2290 208 1.23 8.12 0.33
e=0.8 8.07 525 946 17.03 2.04 239 6.85 0.28
C=0.01
e=0.2 0.31 10.31 10.07 490 1333 341 1.77  8.17 0.36
e=04 133 15.61 9.17 896 1992 387 132 10.13 0.48
e=0.6 6.79 1724 1350 9.60 2153 574 213 12.68 0.56
€e=0.8 13.27 16.76 1338 9.68 19.87 548 2.17 1274 0.54

jection is introduced (Table 7), we observe significant gains
particularly, for fine-tuned models with C' = 0.01,e = 0.8
achieving 38.7 AP, and improvements also appearing at
higher clipping norms. Feature DP (Table 8) follows a
similar trend: without projection, utility is lower overall,
peaking at 40.5 AP for C = 0.01,¢ = 0.8. The most
notable performance is achieved by our feature projective
DP method (Table 9), which achieves strong and stable re-
sults across all privacy levels. Specifically, fine-tuning with
C =0.01,e = 0.4 and ¢ = 0.8 achieves 51.6 A which is the
highest across all methods and settings, while maintaining
over 50 AP even at ¢ = 0.2, demonstrating robustness under
strict privacy. Impressively, even models fine-tuned from
scratch perform well under our proposed method, reaching
46.0 AP at e = 0.8, which is a significant jump from the
near-zero utility of all other methods trained from scratch.
Across the board, feature projective DP demonstrates the
most reliable and consistent performance, outperforming
both vanilla DP-SGD and projection or FDP variants.

Table 3. MPII Results: DP-SGD with Projection.

Privacy Parameter(e) Head Shoulder Elbow Wrist Hip Knee Ankle Mean Mean@0.1
Finetuning
C=10
e=0.2 3.48 14.79 6.85 838 1736 885 8.62 1034 0.42
e=0.4 54.67 5545 3254 2370 37.23 21.44 1330 36.99 2.33
€e=0.6 5597 49.10  31.99 2822 39.67 24.10 14.34 37.90 2.31
€e=0.8 71.18  76.19 5551 46.60 5397 39.13 3297 56.26 4.19
C=0.1
€e=0.2 88.85 8944 7578 6846 6121 6383 54.68 73.13 10.56
e=04 88.44 8984 7892 72.62 7021 69.45 61.08 77.17 12.55
e=0.6 90.31 9020  79.27 7143 66.02 68.75 58.01 76.11 12.21
e=0.8 91.51 9039  79.51 72.84 7123 67.86 59.78 77.41 12.88
C=0.01
€e=0.2 9202 90.78  79.10 7247 7272 70.74 6429 7848 13.67
e=0.4 91.81 90.74  79.92 72.04 7542 71.79 65.78 79.23 13.49
€e=0.6 9229 91.78 8048 73.75 74.16 7229 67.88 79.89 14.28
e=0.8 9229 9149 80.86 7452 7532 7391 69.77 80.63 14.61
Finetuning from scratch
C=10
€e=0.2 0.48 8.93 8.86 824 2072 377 175 8.64 0.31
e=0.4 4.13 14.88 1432 699 341 580 373 874 0.38
e=0.6 3.48 16.34 9.90 1235 1321 1348 1023 11.85 0.56
e=0.8 2.69 15.73 1120 1179 19.65 6.83 1.94 11.22 0.51
C=0.1
€e=0.2 4.40 18.99 1699 942 18.07 10.70 6.78 13.58 .63
e=04 1245 1530  17.25 1090 21.50 9.61 7.01 14.36 0.61
€e=10.6 1559 1564 1670 10.50 19.49 14.19 798 1543 0.66
e=0.8 1334 2330 1551 10.08 20.06 8.68 9.05 1592 0.66
C=0.01
€e=0.2 8244 69.58  49.75 43.23 4331 39.11 36.56 53.54 5.87
e=04 8377 7570  55.19 5044 52,12 46.12 4535 59.82 7.87
e=0.6 86.02 7425 61.31 5296 51.39 46.75 4542 61.09 8.61
e=0.8 87.14 7777  63.32 56.18 57.14 50.92 48.89 64.28 9.68
Training from scratch
C=10
e=0.2 0.07 1.77 10.07 11.07 1274 137 0.02 5.65 0.26
e=04 1.36 6.98 17.69 977 524 095 0.07 676 0.28
e=0.6 0.07 1.00 1447 1244 642 7.19 187 657 0.31
e=0.8 0.17 7.24 1171 591 268 427 123 589 0.24
C=0.1
€e=0.2 1.19 18.05 1278 9.53 22,66 7.64 595 13.05 0.56
e=04 0.75 13.08 6.17 555 2191 336 550 9.80 0.41
e=0.6 1.98  21.28 8.16 11.05 19.70 4.11 472 1224 0.56
€e=0.8 1.30 13.20 448 831 22,62 6.73 427 10.57 0.43
C=0.01
€e=0.2 5.15 1510  15.07 12.39 19.61 10.28 8.83 14.26 0.65
e=04 9.21 20.60 1578 10.67 2233 13.06 7.01 15.54 0.70
e=0.6 17.09  19.70 6.89  10.50 2236 15.88 10.51 15.15 0.62
€e=0.8 9.48 19.55 16.12 1091 2245 6.61 3.57 13.96 0.60




Table 5. MPII Results: Feature Projective DP.

Privacy Parameter(e) Head Shoulder Elbow Wrist Hip Knee Ankle Mean Mean@0.1

Finetuning
C=0.01
e=0.2 94.17 9270 8217 7329 80.79 7645 72.60 8250  19.65
e=0.4 9413 9270  81.46 73.10 80.51 7544 71.00 8201  19.23
e=0.6 9410 9270  81.47 7279 80.87 7532 71.19 8201  19.48
e=0.8 9427 9263  81.58 7250 80.37 75.56 70.88 8191  19.22
C=01
e=0.2 9379  91.85 79.07 71.56 7743 7332 6892 8024 1520
e=0.4 9403 9256  80.72 73.19 79.85 7495 69.96 81.60  17.03
e=0.6 93.86 92.82  81.17 7470 79.78 75.68 70.78 82.09  17.74
e=0.8 9478 9321 8231 7451 80.63 76.04 7130 82.62  18.64
C=10
e=0.2 7336 65.88 5372 40.79 56.14 4344 3410 5475  4.05
e=0.4 86.53 8217 6352 5450 57.68 4920 43.01 64.02  6.09
Table 4. MPII Results: Feature DP. €e=0.6 86.66 8606 6670 5194 6747 5140 47.02 6702 673
e=0.8 91.13  89.06 7391 6339 62.92 59.60 5175 71.66  9.37
Finetuning from scratch
Privacy Parameter(e¢) Head Shoulder Elbow Wrist Hip Knee Ankle Mean Mean@0.1 Coool
Finetuning €=0.2 9291 8894 7655 6733 77.81 71.11 6599 78.11  16.82
€e=0.4 9274 8855 7580 65.63 7748 70.02 6537 7741 1623
C=060:} G704 8928 7578 6654 7589 6504 5848 7547 10.64 e=0.6 9321 88.62 7561 6515 7779 6933 6452 7723 1637
€=0. . - 5. - - - - - - =0.8 9229 8711 7411 63.13 76.53 6746 6278 7574  15.83
e=0.4 90.76 9130  78.51 69.95 78.55 6885 63.86 78.60 1271 ¢
e=0.6 9147 9195 79.63 71.99 79.87 71.00 6545 7990  13.62 C=0.1
e=0.8 92.16 9215 79.85 7281 80.41 71.55 6630 80.41 1422 €=0.2 91.95 8561 7111 59.78 73.84 64.58 6136 7351  14.33
e=0.4 9376  88.65 7697 67.07 7727 7030 6623 7801  16.93
C =0612 42 6578 5732 2743 5331 3605 2603 4899  3.53 e=0.6 9349 89.08  77.09 67.81 79.09 7223 67.48 7886  16.93
€=0. - 3. 3 43533 - 0348, - =0.8 9403  90.46 78356 68358 80.68 72.54 69.08 79.95  17.83
e=0.4 7804 8162 64.53 4043 67.70 4514 39.58 61.73 544 ¢
e=0.6 7848 84.80 6848 4560 69.88 49.89 45.11 6532 647 Cc=1.0
e=0.8 8274 8521 7029 4850 71.39 5450 47.85 67.60  7.03 €=0.2 420 802  13.07 920 2299 7.64 7.02 1098 046
- e=0.4 1054 17.53  13.19 1150 20.60 7.41 512 1349 053
C=1602 160 990 786 1157 1425 300 791 932 033 e=0.6 1552 20.67 1491 1211 21.64 1499 810 1629  0.78
€= . 5 - . 3 =0.8 2036 20.92 1263 1095 2498 1007 846 1629  0.73
e=0.4 1149 1705 830 11.08 23.89 820 957 1501 0.59 ¢
€e=0.6 14.84  25.00 1236 13.62 27.07 10.84 1129 18.37 0.81 Training from scratch
e=0.8 2169 2928  16.16 1456 26.55 15.66 1545 22.05 ool
Finetuning from scratch €=0.2 1675 1953 17.62 1241 2484 1435 999 1734 071
e=0.4 62.65 5211 3407 19.03 41.09 2730 2374 3890  3.43
c =%021 JL15 5717 3871 2232 4724 2839 2912 4389 348 e=0.6 71.66  60.36  38.86 22.51 46.65 31.51 2626 4428  4.39
€=0. . - : - - - : - - =0.8 67.84 5895 3806 21.86 44.95 31.99 27.66 4339  4.12
e=0.4 7875 69.40 47.15 3334 54.86 38.87 37.72 53.00  5.10 ¢
e=0.6 8244 7269 5200 38.19 59.22 41.69 41.14 5678  6.07 Cc=0.1
e=0.8 83.80 74.81 5488 4129 60.93 4435 4280 5898  6.70 €=0.2 1402 1756 1469 1086 20.65 1584 796 1550  0.72
- e=0.4 1102 1951 1662 11.02 2361 1416 10.16 1642  0.65
L=%12 3394 3042 1936 1283 2719 1503 1082 2315 - e=0.6 1821 2456 1924 1234 26.62 1568 1249 1978 093
€=0. - - - . - - - - . =0.8 5327 4601 2937 1727 3547 2120 17.17 3349 233
€e=0.4 40.86 3775 2257 1508 3171 18.09 1594 28.46 1.53 ¢
e=0.6 4768 4327 2509 1631 3535 19.56 17.78 31.90 1.92 Cc=1.0
e=0.8 5225 4531 2727 1657 3590 1928 1847 3327 221 €=0.2 113 1474 956 819 2214 1447 354 1239 054
- e=0.4 1777 1481 1585 946 22.16 1483 4.06 1523 070
L=1602 14 88 876 1054 1172 947 404 1003 039 e=0.6 1849 21.08 1539 1112 2254 5.14 548 14.67 0.66
€=0. - - : - : - s 03 =0 583 1496 1488 10.66 2221 13.04 3.83 1297 0.5
€e=0.4 10.06 1333 1074 992 20.84 12.17 548 1257 051 ¢ 8
e=0.6 7.03 1265 17.11 1129 21.67 1535 3.19 1284 052
e=0.8 1347 1974 1595 958 2295 1265 890 1569  0.60
Training from scratch
C=0.01
e=02 6.92 1829 17.40 1096 22.62 14.89 371 1517 0.6
€=0.4 1057 2261 1841 1215 23.09 1433 683 17.14 071
e=0.6 1139 22,18 17.16 1191 2423 1590 886 17.57  0.82
e=0.8 1409 2131 1952 1131 2432 1644 735 1774  0.80
Cc=0.1
e=02 423 056 782 864 1944 191 196 7.13 0.26
€=04 048 1262 1069 812 2115 236 033 887 037 Table 6. HumanART Results: DP-SGD.
e=0.6 048 1508 1064 9.00 1972 433 120 9.60 0.41
e=0.8 0.61 1309 1294 1074 2273 494 137 1122 048
C=1.0 Privacy Para AP APS0 APTS ApM ApL 4 AR AR5 ARM ARL
€=0.2 031 032 014 000 003 006 012 035 002 rivacy Parameter(c) R AR R R hid
e=0.4 1.84 363 002 043 000 000 009 078 0.02 Finetuning
e=0.6 000 262 005 461 834 012 000 239 0.10 c
=08 014 002 007 000 1522 002 026 257 0.12 € 291 676 200 140 309 340 716 286 220 355
€ 407 747 393 238 427 458 771 467 329 479
e 375 747 336 209 394 421 776 414 291 438
¢ 390 759 360 222 409 435 783 436 301 453
c
€ 35 190 00 09 40 87 356 08 50 92
€ 77 324 05 23 85 146 477 40 87 153
€ 104 393 15 34 113 171 519 62 105 179
€ 120 433 24 39 130 184 541 73 114 192
Finetuning from scratch
C =001
e=0.2 09 58 00 02 10 38 197 0.l 26 39
e 13 80 00 04 14 50 237 03 35 52
€ 17 107 00 05 19 61 275 06 42 64
€ 21 129 00 08 23 68 296 07 5170
c
€ 00 04 00 00 01 08 57 00 05 08
€ 02 19 00 01 03 23 134 0l 14 24
€ 05 36 00 01 06 33 186 00 22 34
€ 0.6 43 00 01 07 35 200 00 24 37




Table 7. HumanART Results: DP-SGD with projection.

Privacy Parameter(e) AP AP°C AP™ APM APL AR AR AR™ ARM AR

Finetuning
C=0.01
e=0.2 83 739 356 217 404 436 769 436 308 458
e=0.4 347 734 2901 183 366 397 760 379 269 414
e=0.6 403 758 384 225 426 461 785 470 331 478
e=0.8 387 743 363 210 408 443 773 445 321 459
C=01
e=0.2 316 69.1 247 170 333 368 727 331 260 382
e=0.4 329 704 270 180 346 381 732 352 272 395
e=0.6 336 713 269 184 354 386 743 352 282 400
e=0.8 335 694 284 184 353 387 726 368 271 402
C=10
€=0.2 LI 67 00 03 13 48 219 02 32 50
e=0.4 117 417 20 38 128 181 524 78 11 190
e=0.6 107 394 19 29 (17 171 512 68 97 180
e=0.8 235 604 142 111 252 302 662 242 202 315
Finetuning from scratch
C=0.01
€=10.2 17 85 04 04 19 49 195 L1 29 52
e=0.4 35 152 03 11 39 84 200 26 58 87
e=0.6 21 102 01 07 24 59 22 14 34 62
e=0.8 14 73 01 05 16 43 182 06 24 45
czol 05 28 01 02 06 22 109 o1 1s 23 Table 9. HumanART Results: Feature Projection DP-SGD plus
=04 06 40 00 03 07 25 129 01 17 26 iecti
e=0.6 12 57 05 04 15 34 153 06 17 37 projection.
e=0.8 142 10 03 12 31 140 05 18 32
E ld(,)z 01 09 00 00 02 09 56 00 06 09 Privacy Parameter(e) AP AP0 APT APM APY AR AR™ AR™ ARM AR'
e=0.4 03 20 01 00 04 19 IL1 0l 10 20 —
e=0.6 08 46 00 01 09 31 161 0l 17 33 Finetuning
e=0.8 02 13 01 00 03 13 75 01 09 14 C=001
—— N €=0.2 506 802 534 313 528 553 824 5901 413 572
aining from scratc e=0.4 516 804 550 335 538 562 827 603 422 5811
001 €=0.6 509 802 536 325 532 559 827 599 421 578
0.2 012 068 006 00 017 106 57 01 05 Ll e=0.8 516 802 547 336 537 362 825 602 423 5811
0.4 00 009 00 00 00 009 071 00 010 009 Coo1
0.6 031 21 00 007 04 I8 117 001 118 193 %
e=0.2 755 389 244 423 454 780 460 330 471
0.8 0 08 00 004 02 12 70 002 115 120 e=04 411 768 402 246 433 468 79.5 482 344 484
o1 e=0.6 422 757 422 252 443 475 786 493 344 492
0.2 005 029 00 006 038 25 00 0 04 124 e=0.8 430 770 429 257 451 484 799 503 357 501
0.4 002 091 00 005 016 135 758 004 13 137 C=10
0.6 0.9 1. 00 004 023 16 906 003 102 16 =5
€=0.2 268 621 190 135 284 329 670 286 232 342
0.8 002 011 00 00 003 209 00 025 032 031 Pl i T4 705 254 190 342 390 747 366 299 403
e=0.6 339 706 287 183 358 401 744 385 288 416
e=0.8 354 720 307 202 372 407 751 386 299 4211
Finetuning from scratch
C=0.01
€=0.2 769 464 295 473 504 797 530 380 521
e=0.4 451 766 465 280 472 505 791 535 368 523
e=0.6 438 752 445 285 456 496 780 522 383 5l1
e=0.8 460 767 475 293 481 514 797 545 380
C
€ 68 244 23 28 74 116 359 88 120
€ 20 537 145 120 233 277 603 221 206 287
€ 291 624 240 177 308 349 678 320 262 361
€ 30 680 279 215 344 386 720 365 300 398

Table 8. HumanART Results: Feature Projection DP-SGD.

Privacy Parameter(e) AP AP°° AP™ APM APL AR AR AR™ ARM AR

Finetuning

C

€ 326 718 264 17.1 346 381 752 351 266 39.6
€ 373 746 342 207 395 426 777 424 304 442
€ 393 759 37.6 222 417 445 788 454 314 462
€ 40.5  76.9 394 231 427 456 794 470 325 473
C

€ 87 370 1.1 3.1 94 141 487 2.9 9.6 14.7
€ 135 472 2.1 4.8 146 188 559 6.8 123 19.6
€ 158 519 35 59 170 21.1  59.1 9.3 141 220
€ 17.1 535 4.6 6.6 184 224 606 10.8 149 233

Finetuning from scratch

C

€ 48 230 0.2 0.9 55 104 384 2.4 6.3 10.9
€ 7.7 300 1.7 1.7 85 136 43.1 5.0 8.5 142
€ 8.8 328 23 2.0 9.7 148 452 6.3 9.3 15.4
€ 95 345 2.6 22 106 157 469 7.1 10.1 16.3
C

€ .2 19 0.0 0.0 0.3 2.3 13.6 0.0 1.4 2.5
€ 0.7 4.9 0.0 0.0 0.8 32 18.3 0.09 1.7 33
€ 1.0 70 0.0 0.2 1.1 39 210 0.1 217 4.0
€ 1.3 93 0.0 0.2 15 44 231 0.1 2.8 4.6




(f) Raw vs Public Images

Figure 1. Figures (a-e)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. (f) Representation of Raw (Private) image compared to public feature
(gaussian blurred).
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