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Learning over relational data

Kaggle DS & ML Survey 2022

Python and SQL remain the two most common
programming sKills for data scientists

Python

100~

80- From 239997
data scientists SOL

60-
year

o
B 2020
B 2021

e ‘ . . - ‘ : - 2022

0 i
aaaaaaa pt Other QL Python

% of respondents

Source: https://www.kaggle.com/kaggle-survey-2022

Regression, classifiction, clustering, etc.

) 000

©
0’0 2 o
0, o °‘°0°

D
00

-

Train ML models on table features )
K4 ¢
Spark™ ¢, pyTorch
. learn MLIib y TensorFlow
J
Table features
A\
/ &= | (SQL
/ atabase >
SQL Query Engine
1

Retail orders,

\\\-~..""---____,

E.g., Bank transactions,

Hospital medical records

-




Learning over relational data

]
In-Database Machine Learning LY g o 00
. . Y
EE lib  Apache MADIib In-Database ML
\ using SQL+ML query
SQL) | CREATE MODEL m using SVM
N~ FEATURES feature_cols
N GaussML TARGET label_col
openGauss FROM table_name
>‘ WITH params = args;
Oracle _— —
A?IS/?CbL_E Machine — Database R
S8 Learning SQL + ML Query Engine
— .
i, E.g., Bank transactions,
Retail orders,
Hospital medical records

S~ -




Learning over relational data

How to implement ML training over relational data?

Learning over a single table Learning over joins
Problem: The joined table could be much
ML training algorithms larger than individual tables -
(e.g., Stochastic Gradient Descent) Storage and training overhead
\ ) i . .
Y Training
Table ML models Table 1 Table 2 Joined table algorithms ML models
sep Wo
computation min£(©; X,y) + AR(O)
—>V fi, Wy SGD we miné(0; X,y) + SR(O)
—> V fi, wa wm?MBlon
—>»Vfi, W €] —>» Vi Wi
i_l —>» Vi, W, e




Learning over joins - Example

= Example: Learning over joins on six tables

Favorita dataset

Transactions Holidays
date store_nbr tr ti date type locale locale_name description ferred
2013-01-01 25 770 2013-01-01 | Holiday Local Manta Fundacion de Manta False
2017-08-15 54 802 2012-04-01 | Holiday | Regional Cotopaxi Provincializaction de Cotopaxi False
Sales |
id date store_nbr item_nbr |unit_sales | onpromotion
0 2013-01-01 25 103665 7.0 NaN
125497036 | 2017-08-15 54 2106464 1.0 True
Iltems
125497032 | 2017-08-15 54 2087978 8.0 False item_nbr family class | perishable
96995 GROCERY 1093 0

~4 GB

Qil
date dcoilwtico
2013-01-02 93.14

2017-08-31 47.26

103665 |BREAD/BAKERY| 2712

1

Stores
store_nbr city state type
1 Quito Pichincha D 13
51 Guayaquil Guayas A 17

o (40 GB)

XGRNxd
Lo n T Xy
H | X G THISIIIY, ly/,/ 773
t - g < Ing x d
haxdy |1 M X do e e (X ||Xs

E Vs VA1 114, - A7 }/,/, |
""""""""""""""""""" ¥ / 7_']

After joins, one tuple in T can 2

appear in multiple rows in X;

There are duplicate tuples after joins

Joined table

min4(0; X,y) + SR(O)

¥

©

It is impractical to store the joined table




More general case: Learning over joins and unions

= Learning over joins and unions in a distributed environment

min4(0; X,y) + BR(O)

Distributed/cloud databases 3@3 Challenges

(C]
Transac tions Holidays H . h I/ O ° t . t f L
date store_nbr date type locale locale_name description 1 ° lg c O m mu n 1 ca 1 O n S O p e r O rm J O 1 n S
2013-01-01 25 770 2013-01-01 | Holiday Local Manta Fundacion de Manta False °
201 7‘-‘(‘)8-1 5 54 302 201 2.-(‘)4-01 Hol\i.t.!ay Reg.i-(.)nal CO!‘(;;.)aXi Provincializacl.i;n de Cotopaxi F;‘se a n d u n 1 O n S

Sales |
B N T B 2. High storage and computation overhead
el | w o [ | e oo e for learning over the large joined table
join 105&65 BREAD);AKERY 2;‘;2 1

Oil

Stores
date

. S S 3. Privacy problem due to distributed
== SR communications

Database
sharding
(horizontal
partitions) Beijing

Research problem: how to train ML models
on distributed tables requiring joins and
unions without table sharing?

Shanghai




Related work - Factorized learning

= Learning over joins in a single database = Factorized learning approaches -23,4]

without materlahZIHg the JOlned table o Decouple the ML computation, distribute partial computation

to each table, and aggregate/join the computation results.

oo Hoidays o Only support specific ML training algorithm (Gradient
T Y Soloovas | Howse | tiow | e | Cmssiorcevune |t Descent), but do not support more efficient (mini-batch) SGD.
N o Linear models ©, Neural network models ®.
e sivcors| 0| swei NN o
125407082 | 20170515 5 2087978 80 Faise item_nbr familyltems class gradient = :mTiy'm"mTLy'h]]
jOin 101‘3;65 BREAD};AKERY 2;;2 1 :_2
1

Oil Stores
date ilwti - store_nbr city state type cluster

2013-01-02 93.14 1 Quito Pichincha D 13 /
.
2017-08-31 47.26 51 i Gi A 17

uayas j(sz,y,t;) 7‘1;:| iTz.m_. T
DB m ‘
1 M X m

1.  Arun Kumar et al. Learning Generalized Linear Models Over Normalized Data. SIGMOD 2015 . . /\ . -
2.  Maximilian Schleich et al. Learning Linear Regression Models over Factorized Joins. SIGMOD 2016 =l L H el -

1 ™ ma X na L mxg
3. Lingjiao Chen et al. Towards Linear Algebra over Normalized Data. VLDB 2017 - 1 ] s
4. Maximilian Schleich et al. A Layered Aggregate Engine for Analytics Workloads. SIGMOD 2019 |



Related work - Federated learning

Logical global )
table = Federated learning approaches - 23, 4]

Partitioned tables

o Push ML computation (decouple gradient computation) to each
table and aggregates the computation results.

min{(0; X,y) + SR(O)

Horizontal
@3 o Suppose a table is either horizontally or vertically partitioned.
@ Federated . e
Learning o SQL joins and hybrid scenarios (joins and unions) ®

/]

Logical global
table

Yang Liu et al. Vertical Federated Learning: Concepts, Advances, and
Challenges. IEEE TKDE 2024
Vertical 2. Qiang Yang et al. Federated Machine Learning: Concept and

Applications. ACM TIST 2019

Federated 3. Qinbin Li et al. Federated Learning on Non-IID Data Silos: An

Experimental Study. ICDE 2022

4. Afsana Khan et al. Vertical federated learning: a structured literature

review. Knowl. Inf. Syst. 2025

min/(0; X,y) + BR(O)

3

(S}

VAN

Learning




Our approach: Two-level decomposition (TablePuppet)

Problem:
Train ML models on the global joined table
without table sharing

min {(0; X, y) + fR(O)

¥

Two-level decomposition:
Decompose the learning process into two steps:

(1) learning over joins, followed by (2) learning over unions

min 4(0; X,y) + fR(O)

Logical

joined @:{

table .

~

(S}
Transactions Holidays
date store_nbr date type locale locale_name description transferred
2013-01-01 25 770 2013-01-01 | Holiday Local Manta Fundacion de Manta False
2017-08-15 54 802 2012-04-01 | Holiday Regional Cotopaxi Provincializaction de Cotopaxi False .'.
‘e
*
.O
Sales [ LN
*
id date store_nbr | item_nbr | unit_sales | onpromotion ’O -
0 2013-01-01 25 103665 7.0 NaN .0.
125497036 | 2017-08-15 54 2106464 1.0 True .0.
Items LN
125497032 | 2017-08-15 2087978 8.0 Fals: item_nbr family class ¢ LN
96995 GROCERY 1093 0 .O.
-
. . B IR D .
J Oln 103665 |BREAD/BAKERY| 2712 [ e L LT T T ‘e f
"awyy
un?® e
. us
Qil Stores aun®®
us
date store_nbr city state type cluster ans® ML L
-
2013-01-02 93.14 1 Quito Pichincha D 13 ant® wn®
4" e
2017-08-31 47.26 51 Guayas A 17

Database
sharding

(horizontal

partitions)

A

Beijing

union

Shanghai

Learning over Joins
Pushes ML computation down to the
individual tables being joined

2

Learning over Unions
Further pushes learning down to the
horizontal partitions of each table




Our approach: Two-level decomposition

TablePuppet framework
Problem 1: How to store/organize the ML models?

| v Logical joined table

Global model needs to cover all the table features, but these ity s pre) o KuEn X €RYC
features are distributed in different machines.
@:: X X5 X3 Y
Global model All the table features

= Model decomposition and distribution <

o Do not store the global model

T111 U le T21 U T22 ’I‘.{l U T;Z
nl n} n} n} al &
Features of Features of Features of
Table 1 Table 2 Table 3

Table T Table T’ Table T3
(client ¢} and cf) (client ¢} and c3) (client c;l, and cg)




Our approach: Two-level decomposition

Problem 1: How to store/organize the ML models?
Global model needs to cover all the table features, but these

features are distributed in different machines.

= Model decomposition and distribution
o Do not store the global model

o Split global model to small local models for each table

o Each model covers the parameters associated with the
local table features.

TablePuppet framework

min 4(0; X, y) + SR(O)

s

Global model

X = [X1, Xo, X3) € RV*d

Logical joined table

[
{
\
\
\
\
|

X

Xo

X3 Yy

A

11 the

1

table features

>

o Push ML over the global model (global joined table)
down to each local model (horizontal table)

Table T1
(client c} and c'f)

Table 15

(client ¢3 and cg)

Table T3
(client c;l, and cg)



Our approach: Two-level decomposition

TablePuppet framework

Problem 2: How to generate the logical joined table?

v Logical joined table
I X = [Xl,Xg,Xg] € RNxd
min £(0; X, y) + BR(O) ]

3@3 X ||X X ||y

Global model All the table features

><
Tll U le T21 U T22 Til U T;Z
nl n? ni | n3 ‘ nl nj
Features of Features of Features of
Table 1 Table 2 Table 3

Table T Table T’ Table T3
(client ¢} and cf) (client ¢} and c3) (client c;l, and cg)




Our approach: Two-level decomposition

Problem 2: How to generate the logical joined table?

Table-mapping mechanism

o Aggregate the <hash(join_key), row id> of each
horizontal table to form a logical joined table

Logical joined table

X = [X1, X9, X3] € RNxd

TablePuppet framework
Table-Mapping Mechanism
(join_key,id) X, X, X3 labely
Thg 1= iz
1 'V
ny =g 1+ 1 N
N|N|N| [x I::> X1 ||X;
1
A2z
n2
T2a —|—r Table rﬁapping: o
Tij— Xic)
n3
T3p 7
Y U T2 T, U T}
nl n? i

<hash(join_key), row id>

Table T1

(client c{ and c'f)

(client c3 and cg)

Table 15

X3 Yy
r, U T
2
3
ny

Table T3
(client c;l, and cg)



Our approach: Two-level decomposition

Problem 3: How to perform learning over unions?

Learning over Joins (LoJ)
o Push ML on joined table to (virtual) vertical tables

TablePuppet framework
Table-Mapping Mechanism Logical joined table
(join_key,id) X, X, X; labely X = [X), X, X;) € RVxd
T,
N Iz . }
ny = n; +Q5 P
T\ v | v | v | [x I::> X1 | |X: [|Xs ||y
1
A7
no Z / A
T = L

20 ‘ Table mapping: > Learning over
Tij = Xic,) join on (virtual)
e T T, T, Vertical tables

Tsp s, [ ]

]

\

ny n2 } ng
\



Our approach: Two-level decomposition

]
) . TablePuppet framework
Problem 3: How to perform learning over unions?

Table-Mapping Mechanism Logical joined table
(join_key,id) X, X, X; labely X = [X1, X9, X3) € RVxd

= Learning over Joins (LoJ) o .
o Push ML on joined table to (virtual) vertical tables N |,

o Support both SGD and ADMM training algorithms CE | =[x | |=

\
|
|
|
|
L] L] L] L] D ‘
o Optimize the computation on duplicate tuples m | | ez WAL

—10

xs ||y O(N)

4 J (S
To i Table mapping: > Learning over
Tij = Xic,) join on (virtual)
Table 2: The problem decomposition for LoJ, using SGD and ADMM with compufation/communication reduction. T T, T, Vertical tables
n
Algorithm Server / Cllent with T; Tsp . r - — ]
o [ ‘ ‘
ah . Vo,F(Ti) = Z (—’ ﬂ—)
SGD ey’ Vj e [N].(4) N ‘. T } " 0 (Tl)
0i := 0; —nVe,F(T).(6)
- M 2 1 N ‘
2t = argmin| € (23 ;) - (X471) 2+ B> AT ) — 2| | () | fi= argmin (ﬁRi((’i) + 5 LMTAOs T () ]
ADMM “ =l ' N
M 1 p 2
=257 +P(Zﬂ(0f;Ti,p.-(j)) —zé) (8) / i Z ol .+ﬁ(0,»;T,-,p,.(,-))|| 2
izl =
oty ] 1 & oh;
Y= ——, Vj€[ni], (10) Vo, F(T;) = — (Y, ZH 4 BG; ) 12
S6D-0pt J geg,;(,») g o F(T) = < 32 i g *BGii ae (12)
Gij=1Gi(j)], Vje[ni].(11) =0; — nVe, F(T) (13)
Apart from Eq. 7 and 8, the server also performs: o+ = argmm (ﬂR (i) 4= Z(Yt )T £ (055 Tij)
R = T ey viclnl 09 % Computation complexity from O(N) to 0(n)
9€Gi(J PLi,
Gij=IGi()l, Vje [ni].(15) +Kf ; 2 |fi 0| )-(16)

ADMM: Alternating Direction Method of Multipliers



Our approach: Two-level decomposition

Problem 4: How to perform learning over unions?

u

= Learning over Unions (LoU)
o Push ML computation on the vertical table to local
horizontal tables
o Perform local model updates
Table 3: The problem decomposition for LoU, using optimized SGD and ADMM.
Algorithm Coordinator (Server) quient with T
SGD-Opt Vo, F(Ti) = % % Vo, F(T{).(17) Vo, F(T) = :Z:; (Y"’j%’il +ﬁGi’jZ—§) 2
- 0: = 0; — NV, F(T).(19)
apMmeopt | T B (it + 2 -7 - o0 | g argmin (1 OFs7) + 5107 = v+ ) (22

&7 =y @714 93T - W (21)

TablePuppet framework
Table-Mapping Mechanism Logical joined table
(join_key,id) X, X, X; labely X = [X), X, X;) € RVxd
Tl‘j . N Z | V|
ny=n —+ N
T\ v | v | v | [x I::> X1 | |X: [|Xs ||y
1
VAZZ4
no Z A
T2 ‘ Table mapping: <] Learning over
Tij = Xic,) join on (virtual)
s T, Ty T, Vvertical tables
Ty —22 r =
| \
[ | m n2 } ng
| |
T /K T? T} /J\Tf T}ATﬁ
2
1 n? ni n2 3
nl 1 2 2 n;
Table T} Table 7% Table 1’3

(client c{ and c'f) (client ¢} and c3) (client c;l, and cg)




TablePuppet framework implementation

Server-Client architecture based on °§> RAY

= Server-side
o Model prediction aggregation
o Server-side computation
o Optimization from O(N) to 0(n)

= Client-side
o local model update
o Send model predictions to the server

IHJ' = label

I ?01 ":T ) ng Yimdhitne Y
1 1,41 —_—
2z

hy = N
fa(02; T>) bz

aggregation with
table mapping

~
aE;
SGD: ;- {
ADMM: 2- and A-update

TablePuppet training process

Server variables

il
€955 % A)

. . ni| Y1,Gy
server-side Computatlon

N |:{>
ny | na| Y2,Ga

aggregation
& reduction

ng  |ng Y3 Gs

hy = f1(9| T)

E@L |

fi()
T (owned by one client)

ny Hn}
ng —ng
n3 —nj
T, = V[T, T7] ha T hs

T’ (one client)



TablePuppet framework implementation

General operators to cover two ML training algorithms

Table 4: The physical operators with computation and com-
munication functions, which cover both SGD and ADMM.

Operator | Function | SGD ADMM
LoJ gather() model predictions model predictions
operator compute() | Eq. 10, 11 Eq. 7, 8, 36, 37
scatter() partial derivatives auxiliary variables
model predictions, model predictions,
LoU gather( partial gradients model parameters
operator | compute() | Eq. 17 Eq. 20 and Eq. 21
scatter() aggregated gradients | auxiliary variables
sendl) model predictions, model predictions,
Client partial gradients model parameters
operator | recejve() aggregated gradients | auxiliary variables
compute() | Eq. 18 and 19 Eq. 22

TablePuppet architecture
(Three physical operators)

-~

Ve

\

Server

LoJ operator for logical joined table

gather() + compute() + scatter()

Learning over joi

for T4

LoU operator |
gather() + compute() + scatter()

(&

LoU operator for 7

LoU operator for 13

4 Client operator
send/receive() + update()

0]

sk

U Client c{

P
/

Client operator
send/receive() + update()

T @hf

Client cf

/ ‘ \/ A\

Client Client
operator operator
for Ty for T}
| Clientc; | | Clientcy |

Client Client
operator operator
for Ty for Tf
Client ¢} Client c3




TablePuppet framework -

Differential Privacy (DP)
o Where to add DP?

Table features

Local model updates (DP-SGD)

Model predictions
Label (label-DP)

Server-side computation

Auxiliary (intermediate) variables

Table

Ty
v
features E\é)

Privacy guarantee

(3

Server-side

Hi=  iabel computation varisbles
hy = n > il{h,}pf(ﬂ Y (e'g"ﬂTw' 2 n| Yi,Gy
f1(61;Ty) ™ o S server-side computation '
‘/> N\ ]
— SGD: - ”
hy = N " 4 |:> ns | |na| Y2,Ga
fa(02; T>) — ADMM: z- and A-update )
T _ J
hs = ti
by e/ e (\é] label T 1|
AE Intermediate
Yl G1 2 2 . +
] ( | variables
= =  Model e s g
_ |predictions
T 0 h= f/(e ;Th) T, =UL,T7] § f}_z ____________ T hs

el |

fi()

T (owned@ client)

Local model update




Evaluation - Experiments on AWS cloud instances

—— TablePuppet (Server)
1
. . TablePuppet (Client) -
Train both linear models and neural — =
network models - ]

on three datasets with multiple tables = U (Stockholm)
Dataset (ML Model) #Table #Tuple #Feature US_WeSt (Oregon)
MIMIC-III (NN) 5 [35K,2.9M]  [2,717] US-East (Virginia)
Yelp (BERT-Softmax) 3 [35K,32M]  [3,775]
MovieLens-1M (Linear) 3 [6K, 0.9M] (4, 52]
MovieLens-1M (NN) 3 [6K,0.9M]  [4,52]

TablePuppet (Client) - Resions

Latency

Bandwidth

US-East <> US-West
US-West < EU
US-East < EU

63 ms
153 ms
110 ms

60.0 MB/s
26.2 MB/s
33.8 MB/s

Accuracy evaluation: Model accuracy on TablePuppet vs. Model accuracy directly on the global joined table

Performace evalution: Training time and communication time (TablePuppet vs. Federated learning)




Evaluation - Accuracy results

— Physical/global e e
Baseline: Directly running ML over the global joined table (dash line) Jtoal lr)llzd @jz

Result: SGD/ADMM algorithms atop TablePuppet can achieve comparable model accuracy to the baseline.

\\\\\\\\\\\\\\\\\\\\\\\\““‘~\~\\A

=

==== Centralized

MIMIC-III-NN

%+ VFL-SGD =& VFL-ADMM

=& TP-Join-SGD ~&= TP-Join-ADMM

GD-based

Yelp-BERT-Softmax

MovielLens-1M-Linear

MovielLens-1M-NN

‘t

in- Zos e --
Join-only : L , 3 £ 8
. 90
scenario g S, z \ =
-y -y
#§ 85 % 8- 8-
k L a 3~ s
) 0 | o= ) =t ==
0 2 1 0 2 1 & & 10 0 2 4 6 8 10 ) 2 1 6 8 10
Epoch Epoch Epoch
==== Centralized —&- TP-UCQ-SGD —#— TP-UCQ-ADMM
MIMIC-1II-NN Yelp-BERT-Softmax Movielens-1M-Linear g MovieLens-1M-NN
‘ . g‘_‘: EM W w i u “
Jom-Union 3. g* s -3
o < g 45 | N
scenario g %, g \ g
= =
5 - drw. -

1

u 2 | 8 10

b
Epoch

{

o

6
Epoch

1

Epoch

Implication: Our two-level decomposition approach with optimizations on duplicate tuples is effective.




Evaluation - Performace reusults in Join-Only scenario

Baseline: Vertical Federated Learning (VFL) approaches on global joined table that are vertically partitioned.
Result: SGD/ADMM algorithms atop TablePuppet have less training & communication time than baseline.

VFL basellne - VFL-SGD —e&- TP-Join-SGD =4 VFL-ADMM —&— TP-Join-ADMM
MIMIC-III-NN (SGD) Yelp-BERT-Softmax (SGD) ‘ MovieLens-1M-Linear (SGD) . MovieLens-1M-NN (SGD)
2o e N N e 2o o—— - w w
g .. 4] @5
Global £, £ g 4.

joined tabl : i 3 i

JOll’le ta ( % B Dg '§ '
o ©
|." l-“ 1 > — > — — P & —8 1 *—--—0 — - —O

inf(©; X,y) + SR(O -
e VRIS Vertical MIMIC-II1-NN (ADMM) Yelp-BERT-Softmax (ADMM) . MovieLens-1M-Linear (ADMM) . MovieLens-1M-NN (ADMM)
64 -t
@: Federated g e g T 2.1
. 3 3" v ’ \
o Learning g Qs e N - \
- - #®2 - %2 \
4 2 a0 o - o \
R K L ~~o = \
., 1 - . O
0 150 300 450 600 750 900 1050 1200 ( 150 300 450 600 750 900 1050 1200 0 60 120 180 240 300 350 420 480 540 0 60 120 180 240 300 360 420 480 540
Training Time (seconds) Training Time (seconds) Training Time (seconds) Training Time (seconds)

#: VFL-SGD ~e- TP-Join-SGD =# VFL-ADMM —o— TP-Join-ADMM

MIMIC-11I-NN (SGD) Yelp-BERT-Softmax (SGD) ) MovieLens-1M-Linear (SGD) ” MovieLens-1M-NN (SGD)
Implication: Our optimizations on g g T -y Y
3 7% s s
. o o g~ g . 3 x
duplicated tuples are efficient - = i i
. [ D-._? 1 O g 1 -t ¢ — - 1 ~— - — — -
(reduces the Computatlon and oy MIMICILNN (ADMM) Yelp-BERT-Softmax (ADMM) ,  MovieLens-1M-Linear (ADMM) . MovieLens-IM-NN (ADMM)
. . g'( gﬂ-l ,0—&0 W -—— w
communication overhead) . ne g "N g1
< o @ - \ N \
& ® 8- X LD 5 ) \
'§~. .Eu ’_, e '-I | S -
) 100 200 300 400 500 GO0 TOO SO0 9O 0 100 200 300 400 300 600 700 300 900 0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 130 20
Communication Time (seconds) Communication Time (seconds) Communication Time (seconds) Communication Time (seconds)



Evaluation - Performance results in Join-Union scenario

Result: ADMM atop TablePuppet takes shorter communication time to converge.

Join-Union
scenario

~e- TP-UCQ-SGD  =#— TP-UCQ-ADMM

MIMIC-111-NN (UCQ) Yelp-BERT-Softmax (UCQ)
.— ..... .— .....

. MovieLens-1M-Linear (UCQ)

%
!
!
!
|
;

Test Accuracy

 Test RMSE
r
|
|
l
I

Test Accuracy

o

0 5 N0 450 600 T30 500 1050 1200 0 150 300 450 600 750 900 1050 1200 0 20 40 60 S0 100 12X #) 160 180
Communication Time (seconds) Communication Time (seconds) Communication Time (seconds)

Fig. 10 The model accuracy vs. communication time for join-union scenario.

~&-- TP-UCQ-SGD ~#— TP-UCQ-ADMM

MIMIC-1II-NN (UCQ) Yelp-BERT-Softmax (UCQ) MovielLens-1M-Linear (UCQ)

T 36 ————
g ] x
< < = -
§" e :
[ -
[ - ) S PR .
0 154 30 450 600 TIO SO0 1050 1200 0 150 3 50 600 TS0 900 1050 1200 0 20 40 60 S0 100 120 140 160 10

Training Time (seconds) Training Time (seconds) Training Time (seconds)

Fig. 11 The model accuracy vs. training time for join-union scenario.
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Open source

TablePuppet framework

Table-Mapping Mechanism

Logical joined table

(join_key,id) X, X, X; labely X = [X1, Xa, X3) € RV
Ty — —
= 1 2 N
n 1 i
N|N|N X '::> X Xy || X5 ||y
1
2 [z
Tro— Table mapping: <] Learning over
Tij = Xic) join on (virtual)
T, T T, vertical tables
3
T3yb —F 1 ] | ]
| \
ny n2 i ng }
Learning over | ‘
union on | |
horizontal tables
T} U T} T,/ U \T} T/ U \JT?
2] [T = ] [T | B

Table T}
(client c} and c%)

Table T
(client ¢} and c3)

Table T3
(client c;,l, and c§)

https://github.com/JerryLead/tablepuppet

? Flower

Federated Baseline Contributions!

B General

8
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Flower Labs is continuously looking to integrate baselines to our Flower framework.
There's always an opportunity to make a difference and contribute to open-source

code by adding another cool baseline to the repository.

Below you can find a list of baselines that can be implemented:

e FedDF - Ensemble Distillation for Robust Model Fusion in Federated Learning 15

e FedNTD - Preservation of the Global Knowledge by Not-True Distillation in
Federated Learning 2
e FedSAM - Improving Generalization in Federated Learning by Seeking Flat

Minima 4

e FedSMOO - Dynamic Regularized Sharpness Aware Minimization in Federated

Learning: Approaching Global Consistency and Smooth Landscape 3
e g-FFL - Fair Resource Allocation in Federated Learning 3

* TablePuppet - A Generic Framework for Relational Federated Learning 3

* FedPG-BR - Fault-Tolerant Federated Reinforcement Learning with Theoretical

Guarantee 2

* FedRS - Federated Learning with Restricted Softmax for Label Distribution Non-

11D Data
» FedDefender - FedDefender: Backdoor Attack Defense in Federated Learning

e Ditto - Fair and Robust Federated Learning Through Personalization 1
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