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Sroposed Approach

« Horizontal federated XGBoost relies on

Proposed Approach cont.

_ | ©S Intuition 1: A fixed learning rate is too weak Intuition 2: Moving towards the global optima Table 1: Summary of datasets
the sharing of gradients because finding —_ . . . - Dataset Task Type  DataNo. Dimension Size
- - " - * Local client’'s dataset may be heterogenous * Applying a weighted sum on the diverse prediction results
th timal split dit f le t ficati
€ optimal split conditon or a Single tree : “« : N : a9a classification 32,561 123 16MB
depends on the order of the data ° Each tree makes different "amount of mistakes given by all XGBoost tree ensembles can lead to a more ) . 5 cae . N
. . . coa-rna classiiication , .
Samples. accurate final prEdICthn value ijcnnl classification 49,990 22 4.4MB
Final prediction result real-sim classification 72,309 20,958 6.1GB
e * 3N
e The Sharing of gradients causes: Training Dataset {x;, ¥; }i=1 X 7, X 7., 1 X Z X Zx HIGGS classification 1,000,000 28 112MB
1) Per-node level communication ‘ o . | — | SUSY classification 1,000,000 18 72MB
frequency f f2 2 o U fy i + M O}@ b ok o+ A abalone regression 4,177 8 253KB
2) SerIOUS prlvacy concerns = - cpusmall I‘egI'ESSiOIl 8,192 12 684KB
- - F T space_ga regression 3,167 6 553KB
Ws § W; F Wy P YearPredictionMSD regression 515,345 90 615MB
Features f1(xz) = 60 fa(xz) = 30 fs(xa) =5 yg = 100
Features Labels _ _ _ _ + + . .
: - e fi(xp) = 110 fa(x3) = —1 f3(x5) = 20 yp = 100 ; T Table 2: Quantitative results of FedXGBIllr compared
satures S S . + . + + to SimFL and centralized baseline - Accuracy T (for the
Features wi | wa| wy | % first six classification datasets), MSE | (for the last four
FEEULITEE LEI0ELE | regression datasets).
Passive parties Active party
(a) Horizontal Setting (b) Vertical Setting Client 1 Client 2 Client K Dataset FedXGBlIr SimFL [16] C;ntrzi!ized
2 clients 5clients 10 clients 2 clients aselne
P| p el 1N e a9a 85.1 85.1 84.7 84.9 84.9
cod-rna 97.0 96.5 95.8 94.0 93.9
% ijjcnnl 96.3 96.0 95.3 96.4 96.3
- - - real-sim 93.4 93.8 92.7 92.9 93.5
CO I t [l b U tl OoNns PN HIGGS 71.5 70.9 70.3 70.7 70.7
’fol‘gg N\ /o3 SUSY 82.5 81.7 81.2 80.4 80.0
« We propose a nhovel privacy-preserving | J@’ L’{E’ ;‘, Client 1 < > R » " o - -~
framework, FedXGBIIr, a federated \\\ // T cpusmall 8.0 8.5 9.5 - 6.7
XGBoost with learnable learning rates In e \__ space_ga 0:024 0033 0.034 - 0.024
- - - = _ YearPredictionMSD 80.3 82.7 91.6 - 80.5
the horizontal setting which do not rely on - N Client 1 CID +
. . . / 2
the sharing of gradients and hessians. / f o E \ tree ensemble |
B8 ' - -
\ / - XX Ablation Studies
* Our framework disentangles the per-node Te——or7 Clientk OD+ o , fo A
| | L. : n tree ensemble 4[ Sort ]—> Client 2 < > G ) y
evel communication frequency when P Server Table 3: Compari-  Table 4: Model interpretability. k = kernel_size, s =
tralnlng a federated XGBoost. ;/?0"“‘ i % N 5 T > NN N I 2{10 son of communica- stride, n = client_tree_num = 500/client_num.
\ Client k+1 C/D + A " .
- l\\ J@ /,' tree ensemble | . tion overhead (MB). Dataset 1'1"’(?’(&: w E)NN l'tiyilicg N 2-layer FCNN
 The total communication overhead of our \E = f“eﬂtKC/% |+ : — Dataset FedXGBIlr _SimFL [16] : — - —
.. S~ 7 ree ensemble o a9 : : :
framework is independent of the dataset .. 4 393 23 ;iz;*gx; codorma o 5 o 3 01
. . . e * AT T~ cod-rna . : X
size and Is significantly lower (by factors / ?/KE N — FC (Zy) fonn 0 2154.(36%) jjcnn1 96.0 95.1 92.2
. . 0 02 .
ranging from 25x to 700x) than previous L ‘ 3{\0 \, Client K < > real-sim 6.0 323.1 (54x) HI:}GSm jzi :zi 22
\ L@ / HIGGS 6.0 4216 (703 ) : : -
m eth OdS . \\\ // Fox SUSY 6.0 4136 (689%) SUSY 81.7 81.3 77.5
T - g{lb Flatt abalone 4.4 4.4 5.8
» We show that FedXGBIIr is interpretable ) atten cpusmall 55 5. 126
: : Input 1D Conv (W) space_ga 0.033 0.034 0.044
with carefully framed reasoning and -
YearPredictionMSD 82.7 87.5 117.7

analysis. (a) Tree Ensembles Aggregation (b) One-layer 1D CNN (trained by FedAvg)
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