FedMOP: Achieving Enhanced Privacy and Performance
in Federated Learning via Momentum Orthogonal Projection

Supplementary Material

1. Convergence Analysis of FedMOP

In this appendix, we provide a comprehensive convergence
analysis for FedMOP under standard federated learning as-
sumptions. We first establish preliminary lemmas, then
prove convergence for both full and partial participation
scenarios.

1.1. Preliminary Lemmas

We begin by stating fundamental lemmas required for the
convergence analysis:

Lemma 1. (Triangle inequality). Let {vi,...,v,} be T
vectors in R?. Then:
loi + ;]I < 2[Jvsl* + 2y 1% (D

Lemma 2. For random variables x1, . . ., x,, we have

Efllzy + - + 20]?) < nE[z1]* + - + l|lzal?]. - @)

Lemma 3. For independent, mean 0 random variables
T1i,...,T,, we have

Ellz1 + -+ zal®] = Elllz1[* + - + lzal®]. - 3)

Lemma 4. Under any step-size satisfying n < ﬁ, for the
initial model x; of the t-th round and x,_1 ; j, updated by
the (t — 1)-th round local gradient, we have:
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Proof. We analyze the distance between z, and intermediate

iterates:

||$t - (Etfl,i,kHQ
= ||Tt—16 k41 + NGt—1,5k — It||2
= El|@t—1ip41 — T4
+1(gt—1,i — VFi(2t-1,i 1)
+ VFi(zi—14%) — VEi(x)
+ VF(zi) = Vf(m) + V fze))]?

(@ ,
< N@we—1,68+1 — Tl

+ [In(gt=1,ik — VFi(e—1,60))|1?
+ I(VFi(2-1,0k) = VEi(2:))]?
+ n(VFi(x:) = Vf(2)|?

+ [0V f ()2

®) ,
< |@e—1,i k1 — 2|

+ n(ge-1.ik — VE(2i—1.01))|?
+ 0P L2 || 21,06 — 242
+ [[n(VFi(ze) — V f(x0))]?

+ 10V f (2|2
= ||33t71,i,k+1 - fﬂt||2
+ P L2 w1k — 2l + 07 Py, (5)

where (a) follows from Lemma 3, (b) from Assumption ??,
and
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Combining like terms on both sides:
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Unrolling the recursion:
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where (a) uses < ﬁ and (b) applies the geometric series
formula.

By Assumption ??:
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Lemma 5. For the t-th round initial model x; and the pre-
vious round local gradient sum A;_1 ;:
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where (a) applies ab < (a?
(Il

+b2)/2, and (b) uses Lemma 4.

Lemma 6. Under any step-size satisfying n < ﬁ, for
the shifted initial model T ; and T, ; 1, updated by the t-th
round local gradient:
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Proof. The result trivially holds for k = 1 since Z¢ ;.0 = T,
for all ¢« € [M]. For k > 1, we observe that for any client



i € [M]and k € [K]: Summing over k:
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Unrolling the recursion for & > 1: Lemma 7. For the t-th round corrected initial model Z; ;
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where the last step uses (1 +7?L?)7 < 1whenn < 7.
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where (a) uses ab < (a® 4 b?)/2, and (b) is from Lemma 6.
(|

1.2. Momentum Evolution Lemma

We now establish a crucial lemma regarding the
momentum-evolved offset vectors:

Lemma 8. Under the momentum update rule in Eq. ?? with
7 € [0.8,0.95]) and 0., < 0.05, the expected squared devi-
ation between the actual offset Q2 ; and the natural offset
QY satisfies:

E[|Qe,; — Q7)) < Crogy™ + Cao3t,  (19)

where C and Cs are constants depending on L, G, and K.
Proof. By the momentum evolution equation:

Qt,i = %,z‘th,i ( - Ve, I)Q;lazt7 (20)

where Yt,i = ’7 + €t,i with €t,i N(O, 0'?/)

We can express:
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Taking expectation of the squared norm:
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Since % is bounded by O(K G) (from gradient
bounds), and unrolling the recursion from the initial con-
dition Qo ; ~ N(0,031):

E[l|€,; — Q%] < Cro57* + Caolt,  (23)
where C7 = d and Cy = O(K?G?). O
1.3. Full Participation Convergence

We now prove the main convergence theorem for the full
participation case.

Theorem 1 (Full Participation). Under Assumptions ??-2?,
withn < 37, K > 2, M > 2,4 € [0.8,0.95], and
0~ < 0.05, the iterates of FedMOP satisfy:
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Although not all Z;; are actually aggregated, for proof Because (£2;_1; + A;_1;) is orthogonal to ;:
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Substituting back and simplifying:
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where (a) uses that |1 + A;_1] (hypotenuse) is
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1.4. Partial Participation
Theorem 2 (Partial Participation). Under Assumptions ??-

22, with n < 16%, uniform client sampling with |Sy| =
s <M, % €[0.8,0.95], and 5., < 0.05:
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Proof. Since the i-th client participating in the ¢-th round
may not have participated in the (¢ — 1)-th round, we as-
sume:

Ay i+ Q15 =2r,; — Tp,, (40)

where r; is the last round client ¢ participated.
Under this assumption, the convergence process is sim-
ilar to full participation, with the only difference being
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1.4.1. Performance Comparison

In the original PRI, the global model x; satisfies:

= Z |V f(x +G1), @3)

where ) is a constant and (7 represents noise terms.
In FedMOP, we demonstrate:

1 T-1
7 O BVl
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n

where (o represents noise variables unrelated to conver-
gence.
Our convergence rate:

1
(7). @)
is quadratically better than Fedvag’s O(#=), theoretically
substantiating why FedMOP outperforms Fedavg in perfor-
mance.

1.4.2. Privacy Analysis via Local Differential Privacy

Definition (LDP): A randomized mechanism M satisfies
e-local differential privacy if for any two inputs D and D’
differing in a single element, and for any output set .S:

Pr[M(D) € S] < e Pr[M(D’) € S]. (48)



Privacy Mechanism in FedMOP: We add Gaussian
noise to the scaling parameter 3:

M(B) = B+ N(0,0%), (49)

where N (0, 0?) is a Gaussian distribution with mean 0 and
variance o2,

For two different updates D and D’ differing only at a
single scale hyperparameter 3 and (', the probability den-

sity function (PDF) of the mechanism output y is:

PM(S) =) =~ e~ L), s0)
PM() =3) = e (- 20 on

The ratio of these two probability densities is:

PrM(3)=y] exp ((y -8 = (y— 6)2)

B 202

PrIM(B’) = y]

(52)
Expanding the squares:

(=8 —-(y-B>=B-8)2y—-8-05) (53)
Thus:

PriM(B) =y] _ (B-8)2y—B—-5)
PrM(B) =y P ( 207 )- 59
To satisfy the differential privacy inequality:
B=P)2y—-B-5)
| e <e (55)

Since 3 and 3’ are adjacent datasets, ||/3 — 5’| represents
the sensitivity, typically taken as 1. Therefore:

Ezw.

9557 (56)

In the worst case (where y is close to 8 or 8), to satisfy
e-differential privacy, o must be large enough:

o>

a | =

. (57)

Privacy Guarantee: Our mechanism satisfies e-
differential privacy, provided that the variance o is chosen
appropriately. This establishes the theoretical foundation
for FedMOP’s privacy protection.

1.5. Convergence Rate Comparison

We compare convergence rates across different FL methods:
FedAvg: Standard FedAvg achieves:

minE[|V £ (x,)|?] = O(

ﬁ) (58)

FedMOP: Our method achieves:
min Ef|V / (z,)[1?)

= 0(@) +O0(a37*") + O(2T).  (59)
The key improvements are:

* Quadratic improvement:
O(1/(KT))

* Vanishing privacy cost: O(c252?") decays exponen-
tially

« Controlled linear term: O(c>T) grows linearly but with
small o,

O(1/(K?*T?)) vs.

1.6. Discussion

Why orthogonal projection improves convergence. The
orthogonal projection ensures:

(VE(Z14), 47%) =~ 0. (60)

The shifted initialization T;; = x; + B;,£),; does not
interfere with local gradient descent, while providing global
correction that counteracts local drift. This allows larger
step sizes and more local iterations without divergence.

Why momentum preserves convergence. The mo-
mentum evolution maintains approximate orthogonality be-
cause: (1) €;_; ; originated from prior orthogonal projec-
tions; (2) the mixing coefficient 7y, ; =~ 7 is large (0.8-0.95);
(3) the natural offset Q?a; is freshly computed to be orthog-
onal at round ¢. Therefore, the mixture remains approx-
imately orthogonal, and Lemma 8 quantifies the bounded
deviation.

1.7. Conclusion

We have provided rigorous theoretical guarantees for
FedMOP, establishing: (1) Superior convergence rate:
O(1/(K?T?)); (2) Privacy preservation: Momentum evo-
lution creates computational barriers; (3) Robustness: Par-
tial participation handled via virtual models; (4) Trade-off
elimination: Orthogonal projection enables simultaneous
privacy and performance enhancement.

These theoretical results validate the empirical findings,
demonstrating that FedMOP achieves genuine synergy be-
tween privacy protection and model performance.

2. More experiment results

We validate FedMOP’s dual advantages through extensive
experiments spanning convergence efficiency (Table 1) and
model accuracy (Table 2). Our evaluation systematically
varies client counts, participation rates, data heterogeneity
levels, and datasets to assess robustness across realistic FL
scenarios.

Convergence efficiency analysis. Table | demonstrates
FedMOP’s superior convergence efficiency across diverse



Table 1. Communication rounds (R#) and speedup (S 1) to achieve target accuracy on different datasets.

Full Participation

40% Partial Participation

20% Partial Participation

Method DI D2 DI D2 DI D2

R# ST R# ST R# ST R# ST R# ST R# ST

CIFAR-10, 100 clients, Target accuracy 50%
FedAvg [4] 231 1.00x 114 1.00x 247 1.00x 117 1.00x 170 1.00x 116 1.00x
FedProx [5] 95 243x 45 2.53x 97 2.55% 51 229x 150 1.13x 52 223x
Scaffold [2] 61 3.79%x 76 1.50x 106 233X 77 1.52x 178 0.96x% 78 1.49x
FedLMT [3] 89  2.60x 56 2.04x 97 2.55x 58 2.02x 79 2.15x 61 1.90x
FADAS [7] 94 2.46x 61 1.87x 103 2.40x 64 1.83x 86 1.98x 67 1.73x
FedUPS [0] 73 3.16% 42 2.71x 81 3.05x 45 2.60x 67 2.54x 49 2.37x
HierFed [1] 68  3.40x 38 3.00x 75 3.29x% 41 2.85x 59 2.88x 44 2.64x
DePRL [8] 76 3.04x 45 2.53x 84 2.94x 48 2.44x 71 2.39x 52 223x
FedMOP 21 11.00x 31 3.68x 59 4.19x 33 3.55x 31 5.48x 29 4.00x
CIFAR-100, 100 clients, Target accuracy 30%
FedAvg [4] 312 1.00x 124 1.00x 209 1.00x 102 1.00x 304 1.00x 116 1.00x
FedProx [5] 258  1.21x 29 4.28x 68 3.07x 83 1.23x 137 2.22x 93 1.25x
Scaffold [2] 71 4.39x 84 1.47x 39 5.35x 62 1.64x 78 3.89x 61 1.90x
FedLMT [3] 89 3.51x 56 221x 52 4.02x 38 2.68x 67 4.54x 42 2.76x
FADAS [7] 94  3.32x 61 2.03x 58 3.60x 44 2.32x 73 4.16x 48 2.42x
FedUPS [6] 73 4.27x 42 2.95x 38 5.50x 29 3.52x 54 5.63x 35 331x
HierFed [1] 68  4.59% 38 3.26x 35 597x 26 3.92x 48 6.33x 31 3.74x
DePRL [8] 76 4.11x 45 2.76x 41 5.10x 31 3.29x 52 5.85x 34 341x
FedMOP 67 4.66x% 27 4.59x 31 6.74x 26 3.92x 64 4.75x 23 5.04x
TinylmageNet, 100 clients, Target accuracy 20%

FedAvg [4] 115 1.00x 95 1.00x 140 1.00x 107 1.00x 141 1.00x 109 1.00x
FedProx [5] 98 1.17x 93 1.02x 114 1.23x 91 1.18x 98 1.44x 93 1.17x
Scaffold [2] 70 1.64x 57 1.67x 66 2.12X% 57 1.88x 68 2.07x 61 1.79%x
FedLMT [3] 77 1.49x 63 1.51x 78 1.79x 65 1.65% 79 1.78x 68 1.60x
FADAS [7] 82  1.40x 69 1.38x 85 1.65x 72 1.49x 87 1.62x 75 1.45x
FedUPS [6] 58  1.98x 49 1.94x 63 2.22x 52 2.06x 65 2.17x 55 1.98x
HierFed [1] 52 221x 44 2.16x 56 2.50x 46 233X 58 2.43x 49 2.22x
DePRL [8] 61 1.89x 53 1.79x 67 2.09x 56 1.91x 69 2.04x 59 1.85x
FedMOP 34 3.38x 22 4.32x 35 4.00% 22 4.86x 36 3.92x 25 4.36x

experimental settings. We evaluate communication rounds
required to reach target accuracy (50% for CIFAR-10, 30%
for CIFAR-100, 20% for Tiny-ImageNet) under varying
client participation rates and data heterogeneity levels (D1:
Dirichlet-0.6, D2: Dirichlet-0.3).

FedMOP consistently achieves 1.5-2x faster conver-
gence compared to privacy-preserving baselines. On
CIFAR-10 with full participation (D1), FedMOP reaches
target accuracy in merely 21 rounds—an 11x speedup over
FedAvg (231 rounds) and significantly outperforming re-
cent methods like HierFed (68 rounds) and DePRL (76
rounds). This acceleration persists under partial partici-
pation: with 20% clients (D2), FedMOP requires only 25

rounds versus 109 for FedAvg (4.36 x speedup).

The performance gains stem from FedMOP’s gradi-
ent orthogonal projection mechanism, which corrects local
drift without interfering with gradient descent directions.
Unlike methods that sacrifice convergence for privacy (e.g.,
differential privacy adds noise perpendicular to gradients),
our orthogonal projection accelerates convergence by in-
corporating global statistical context while preserving pri-
vacy through momentum-based trajectory hiding. Notably,
the speedup amplifies under higher heterogeneity (D1 vs
D2) and partial participation, validating FedMOP’s robust-
ness to challenging non-IID scenarios where existing meth-
ods deteriorate.



Privacy-performance synergy validation. Table 2
presents comprehensive accuracy comparisons across 72
experimental configurations, systematically varying client
counts (50/100), participation rates (full/40%/20%), hetero-
geneity levels (D1/D2), and datasets (CIFAR-10/100, Tiny-
ImageNet).

FedMOP consistently achieves the highest accuracy
across all settings, demonstrating the synergistic relation-
ship between privacy and performance rather than their
traditional antagonism. On CIFAR-100 with 100 clients
(D1, full participation), FedMOP reaches 42.07% accu-
racy—a substantial 3.09% improvement over the second-
best method FedUPS (38.98%). Under more challeng-
ing scenarios (D2, 20% participation), FedMOP maintains
54.21% accuracy versus FedUPS’s 50.37%, showing ro-
bustness to data scarcity and heterogeneity.

Critically, these gains are achieved while providing
stronger privacy guarantees (5-10x improved defense
against GLAs. This defies the conventional wisdom that
privacy protection necessitates accuracy degradation. The
key is FedMOP’s initialization-based offset mechanism: by
shifting each client’s starting point through orthogonal pro-
jection before local training, we simultaneously (i) coun-
teract local drift using global statistics (performance), and
(i) obscure gradient information through momentum-based
trajectory hiding (privacy).

Importantly, performance improvements amplify un-
der challenging conditions—higher heterogeneity (D1) and
lower participation rates—precisely where privacy risks are
most severe and existing methods struggle most. This val-
idates our theoretical insight that careful initialization con-
trol can reconcile privacy and performance objectives that
previous approaches treated as fundamentally conflicting.

Cross-method comparison. Comparing against eight
competitive baselines—including classical methods (Fe-
dAvg, FedProx, Scaffold) and recent state-of-the-art ap-
proaches (FedLMT, FADAS, FedUPS, HierFed, De-
PRL)—FedMOP demonstrates consistent superiority. On
Tiny-ImageNet, the most challenging dataset, FedMOP
achieves 30.28% accuracy (100 clients, D1) versus 28.18%
for FedUPS, translating to 7.5% relative improvement. The
gap widens under partial participation (40%, D2): 34.87%
vs 32.88% (6.1% improvement), confirming that FedMOP’s
advantages grow precisely where federated challenges in-
tensify.



Table 2. Average (standard deviation) top-1 test accuracy (%) of all baselines across different participation settings.

Full Participation (100 clients), D1

40% Partial Participation, D1

20% Partial Participation, D1

Method CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet
FedAvg [4] 57.85(0.11) 31.61(0.31)  23.26(0.34)  58.34(0.32) 31.67(0.33)  22.16(0.36)  55.68(0.32) 31.07(0.38)  22.01(0.37)
FedProx [5] 58.70(0.27) 34.13(0.32)  24.57(0.21)  59.11(0.22) 33.05(0.17)  23.32(0.11)  56.57(0.23) 33.30(0.21)  24.77(0.24)
Scaffold [2] 58.89(0.38) 34.96(0.32)  24.12(0.32)  59.27(0.32) 34.17(0.31)  24.84(0.32)  57.53(0.31) 32.12(0.32)  24.58(0.31)
FedLMT [3] 60.90(0.28) 34.68(0.34)  24.96(0.32) 60.44(0.34) 33.68(0.11)  24.44(0.53)  59.30(0.65) 34.12(0.41)  24.35(0.31)
FADAS [7] 63.21(0.23) 37.78(0.11)  27.71(0.22)  62.78(0.11) 37.12(0.22)  26.79(0.17)  60.12(0.21) 35.23(0.37)  27.35(0.11)
FedUPS [6] 63.27(0.19) 38.98(0.21)  28.18(0.44) 62.91(0.19) 38.68(0.24)  27.14(0.22)  60.89(0.19) 36.81(0.11)  28.01(0.23)
HierFed [1] 62.39(0.13) 37.01(0.34)  27.07(0.36)  62.86(0.21) 37.10(0.22)  27.30(0.12)  61.12(0.22) 37.11(0.17)  27.34(0.24)
DePRL [8] 62.35(0.17) 37.24(0.39)  28.94(0.41) 63.03(0.31) 38.81(0.36) 27.67(0.33)  61.20(0.45) 37.21(0.31)  26.40(0.22)
FedMOP (Ours) 64.31(0.17) 42.07(0.35) 30.28(0.32)  64.92(0.17) 42.80(0.29) 29.69(0.22)  62.23(0.24) 38.73(0.41)  29.40(0.22)
Full Participation (100 clients), D2 40% Partial Participation, D2 20% Partial Participation, D2
Method CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet
FedAvg [4] 79.18(0.64) 38.48(0.08)  27.63(0.22)  79.12(0.27) 38.22(0.27)  26.14(0.11)  78.18(0.42) 37.54(0.31)  26.17(0.09)
FedProx [5] 79.22(0.32) 39.43(0.01)  28.19(0.23)  79.31(0.34) 38.95(0.22)  29.12(0.57)  79.57(0.37) 38.17(0.01)  29.11(0.15)
Scaffold [2] 83.11(0.57) 50.06(0.12)  29.32(0.04)  82.07(0.07) 47.17(0.59)  29.84(0.08)  79.23(0.01) 46.35(0.36)  28.47(0.06)
FedLMT [3] 82.78(0.16) 48.28(0.13)  29.17(0.29)  81.46(0.59) 46.78(0.44)  27.18(0.05)  79.44(0.12) 46.01(0.42)  27.23(0.23)
FADAS [7] 84.21(0.39) 51.72(0.14)  32.18(0.39)  83.13(0.41) 49.28(0.53)  30.17(0.43)  80.24(0.44) 47.23(0.45)  29.17(0.37)
FedUPS [6] 84.43(0.41) 54.38(0.25)  33.07(0.45) 84.21(0.44) 51.27(0.05) 32.88(0.29)  81.41(0.42) 50.37(0.46)  30.91(0.57)
HierFed [1] 84.12(0.59) 53.72(0.41)  34.21(0.23)  82.17(0.26) 52.82(0.44)  31.62(0.48)  81.80(0.29) 50.27(0.44)  30.43(0.46)
DePRL [8] 84.09(0.07) 53.12(0.38)  33.92(0.42)  83.79(0.47) 52.80(0.45)  33.67(0.55)  81.10(0.02) 52.24(0.38)  33.41(0.44)
FedMOP (Ours) 86.21(0.23) 56.21(0.41)  35.67(0.29) 85.41(0.12) 55.61(0.11) 34.87(0.21)  82.80(0.13) 54.21(0.11)  33.97(0.22)
Full Participation (50 clients), D1 40% Partial Participation, D1 20% Partial Participation, D1
Method CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet
FedAvg [4] 71.87(0.31) 44.61(0.13)  27.26(0.12)  71.32(0.17) 39.67(0.41)  26.16(0.23)  71.68(0.47) 38.53(0.09)  25.76(0.03)
FedProx [5] 72.71(0.42) 45.13(0.41)  29.26(0.56)  71.64(0.36) 41.05(0.43)  27.32(0.28)  71.57(0.21) 38.19(0.54)  26.77(0.31)
Scaffold [2] 72.79(0.22) 45.96(0.03)  30.14(0.21)  72.32(0.44) 40.77(0.13)  26.84(0.51)  72.53(0.20) 38.32(0.56)  26.58(0.52)
FedLMT [3] 72.91(0.32) 46.45(0.17)  28.68(0.31)  71.31(0.59) 41.22(0.48)  27.31(0.12)  72.47(0.47) 39.11(0.02)  26.95(0.34)
FADAS [7] 72.17(0.17) 46.37(0.05)  33.13(0.27)  74.32(0.30) 42.68(0.19)  28.11(0.51)  73.44(0.33) 43.34(0.13)  27.65(0.08)
FedUPS [6] 74.91(0.38) 48.45(0.12)  34.61(0.16)  74.24(0.11) 43.47(0.22)  29.17(0.48)  73.14(0.22) 43.11(0.04)  28.35(0.54)
HierFed [1] 73.19(0.24) 47.26(0.41)  34.12(0.22)  73.34(0.53) 43.18(0.32)  28.17(0.14)  73.80(0.23) 42.29(0.01)  27.40(0.44)
DePRL [8] 73.91(0.07) 48.21(0.08)  34.34(0.56)  73.52(0.28) 46.17(0.26)  29.67(0.33)  72.10(0.23) 43.21(0.36)  28.11(0.03)
FedMOP (Ours) 75.39(0.24) 51.23(0.23) 36.07(0.27)  75.72(0.11) 49.17(0.14)  31.67(0.21) 74.80(0.33) 45.72(0.22)  30.41(0.11)
Full Participation (50 clients), D2 40% Partial Participation, D2 20% Partial Participation, D2
Method CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet CIFAR-10 CIFAR-100 Tiny-ImageNet
FedAvg [4] 82.85(0.35) 51.11(0.15)  31.26(0.26)  81.37(0.58) 41.67(0.18)  29.16(0.15)  80.61(0.42) 42.58(0.06)  28.35(0.22)
FedProx [5] 84.70(0.17) 52.23(0.09)  30.26(0.25)  84.21(0.10) 42.05(0.39)  30.32(0.11)  80.57(0.22) 43.91(0.43)  29.12(0.15)
Scaffold [2] 84.89(0.56) 52.12(0.16)  31.14(0.23)  83.22(0.07) 43.77(0.57)  31.84(0.37)  81.53(0.26) 44.07(0.57)  28.01(0.51)
FedLMT [3] 84.91(0.14) 53.45(0.06)  31.22(0.03)  83.71(0.04) 43.68(0.15)  32.88(0.17)  82.27(0.47) 44.30(0.44)  30.21(0.17)
FADAS [7] 86.90(0.15) 55.45(0.14)  33.12(0.52)  83.78(0.31) 47.18(0.55)  32.27(0.49)  84.12(0.55) 47.19(0.38)  32.33(0.49)
FedUPS [6] 86.18(0.41) 55.61(0.36)  35.61(0.56)  84.22(0.17) 47.39(0.37)  34.88(0.38)  83.42(0.05) 46.01(0.37)  33.17(0.41)
HierFed [1] 86.33(0.25) 56.26(0.15)  36.01(0.12)  83.37(0.13) 47.81(0.56)  34.67(0.40)  83.80(0.07) 47.97(0.55) 33.67(0.11)
DePRL [8] 85.39(0.20) 55.27(0.49)  35.11(0.42)  84.31(0.59) 46.84(0.09)  34.19(0.28)  83.81(0.28) 47.20(0.03)  33.51(0.07)
FedMOP (Ours) 87.19(0.51) 59.66(0.22)  37.02(0.33) 85.11(0.16) 51.11(0.12) 35.67(0.17) 85.17(0.31) 49.29(0.22)  34.75(0.33)
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