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Abstract Learning over (distributed) relational tables (LRT)
requires applying SQL queries that involve costly operations
such as joins and unions to compose the training dataset,
followed by model training atop the query results. This
paradigm often introduces considerable computation, storage,
and communication overhead that cannot be addressed by ex-
isting approaches. In this paper, we propose TablePuppet, a
generic framework that can significantly reduce the overhead
of LRT. We first formalize the LRT problem as learning over
union of conjunctive queries (UCQ). We then decompose the
learning process into two steps: (1) learning over join (LoJ),
followed by (2) learning over union (LoU). In essence, LoJ
pushes learning down to the individual tables being joined,
while LoU further pushes learning down to the horizontal
partitions/shards of each table. This two-step decomposition
approach enables efficient distributed training without raw ta-
ble sharing while preserving model accuracy. TablePuppet
supports two standard ML optimization strategies, stochastic
gradient descent (SGD) and alternating direction method of
multipliers (ADMM), and can accommodate both centralized
and distributed environments. In addition, TablePuppet in-
troduces computation and communication optimizations to
handle duplicate tuples introduced by joins, while further
offering privacy guarantees for federated learning (FL) scenar-
ios. Experimental evaluation results show that TablePuppet
achieves comparable model accuracy to centralized baselines
running directly on top of the SQL query results. More-
over, the SGD and ADMM algorithms implemented atop
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1 Introduction

Relational databases are the cornerstone of enterprise data
management, accounting for ∼72% of the overall popularity
ranking of all data systems [6]. A recent report [64] also
indicates that about 66-86% of the data in practical data
science tasks, such as retail, insurance, and marketing, is
stored in relational formats. To extract valuable insights for
tasks like financial and medical analysis, data analysts need
to first perform SQL queries and then train ML models on
the query result, a process known as learning over rela-
tional data [76,50,74,16,87,75,73]. Since most relational
datasets are typically normalized and stored across multiple
tables [68], these SQL queries often require joins to compose
the training data. Moreover, in distributed environments, such
as distributed/cloud databases, union operations are necessary
alongside joins to combine horizontally sharded data into a
unified dataset before ML training [77,49,13,9].

Compared to machine learning (ML) over centralized data
such as a single table, learning over (distributed) relational
data introduces new challenges. First, join operations are
both computationally expensive and storage-intensive. The
redundancy introduced by joins—both in primary key-foreign
key (PK-FK) joins and many-to-many (M:N) joins—can dra-
matically increase the size of the resulting dataset, often by
an order of magnitude or more. This leads to substantial
storage overhead when storing or materializing the joined
tables using centralized approaches. Second, joins and unions
introduce significant communication overhead in distributed
database environments. When tables are partitioned across
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multiple nodes, geographic regions, or even federated orga-
nizations, the cross-node joins/unions will introduce high
communication costs and privacy concerns.

To address these challenges, both the database and ML
research communities have proposed several approaches. The
database community proposed factorized approaches for ML
over joins, namely factorized learning or learning over factor-
ized joins [76,50,74,16,75,73]. These methods decompose
specific ML algorithms, such as generalized linear models
and linear algebra, into sub-computations on individual tables.
However, these approaches rely on the gradient descent (GD)
algorithm for the decomposition and ML training, which
converges slower than the widely-used stochastic gradient
descent (SGD). Factorized approaches also focus on cen-
tralized (single-machine) environments. In contrast, the ML
community has proposed federated learning approaches [47,
48,45,56], such as horizontal/vertical federated learning
(HFL/VFL), which are better suited for distributed environ-
ments. For example, Teradata adopted HFL techniques to
reduce data movement in their parallel clusters of a shared-
nothing architecture [71]. However, both HFL and VFL are
limited to single-table scenarios (a single table with either
horizontal or vertical partitions), and do not support joins [56,
52]. Recent studies in both VFL and HFL [56,52] highlight
the importance of integrating SQL queries with FL, such
as supporting one-to-many data alignment and federated
databases, as a key future direction.

To tackle the challenges of learning over relational tables
(LRT) in centralized and especially distributed environments,
we formalize the LRT problem as learning over the union
of conjunctive queries (UCQ), a well-established concept in
database theory [79]. We refer to relational tables that are to
be joined as vertical tables, as they contain distinct (feature)
columns. The horizontal partitions of these vertical tables,
which we call horizontal tables, can be distributed across
multiple nodes or regions. To construct a complete dataset
for model training, we must first union the horizontal tables
and then join the vertical tables. This process is conceptually
equivalent to performing a UCQ across all involved tables.
For ML training algorithms, we aim to support both SGD
and alternating direction method of multipliers (ADMM).
SGD is a widely-used algorithm, while ADMM is partic-
ularly well-suited for distributed environments, though its
convergence properties for non-convex models are less exten-
sively studied [40,85]. Our problem formulation can be seen
as a generalization of existing ML over joins and federated
learning problems, but introducing new challenges: how to
efficiently support complex SQL operations (joins/unions)
and diverse training algorithm (SGD/ADMM) simultaneously
for LRT, especially in a distributed environment.

In this paper, we propose TablePuppet, a generic frame-
work for LRT. TablePuppet decomposes the learning pro-
cess into two steps: (1) learning over join (LoJ), followed

by (2) learning over union (LoU). Essentially, LoJ pushes
learning on the joined table down to the vertical tables being
joined, and LoU further pushes learning on each vertical table
down to the horizontal partitions/shards of each table. This
two-step decomposition process facilitates TablePuppet to
break down the global optimization problem of SGD and
ADMM into independent sub-optimization problems on top
of individual tables. In addition, TablePuppet optimizes
and minimizes the computation and communication overhead
caused by duplicate tuples generated from joins. Moreover,
TablePuppet incorporates privacy-preserving mechanisms
to provide formal differential privacy (DP) guarantees, mak-
ing it well-suited for geo-distributed and federated scenarios,
such as federated learning (FL), where protecting data privacy
is crucial. For the storage overhead,

The implementation of TablePuppet adopts a server-
client architecture, where each client represents a node that
holds an individual table or its horizontal partition. The
server, which can be either an independent node or one
of the clients, coordinates the model training process. The
global ML model over the joined tables is decoupled into
local models maintained by the clients, and the server and
clients collaboratively and iteratively train these local models.
To unify the implementation of SGD and ADMM training
processes, TablePuppet introduces three physical operators
that abstract their computation and communication: (1) a LoJ
operator, (2) a LoU operator, and (3) a client operator for
the model updates inside clients. This abstraction facilitates
the implementation of SGD/ADMM algorithms not only for
LRT (TP-UCQ-SGD and TP-UCQ-ADMM) but also for
simpler join-only scenarios, i.e., without horizontal partitions
(TP-Join-SGD and TP-Join-ADMM). Specifically, in the
LoJ step, the server uses a table-mapping mechanism to
build a logical joined table of the UCQ result, which records
the correspondence between rows of the joined table and the
original tables. Since this mapping is significantly smaller than
the full joined table and can fit in memory, TablePuppet does
not incur on-disk storage overhead in contrast to centralized
methods.

We analyze the computation and communication complex-
ity of TablePuppet. We further study the effectiveness and
efficiency of TablePuppet by evaluating model accuracy
and performance of SGD/ADMM atop TablePuppet. For
model accuracy, we consider directly training centralized ML
models on the fully joined table as the baseline approach. Our
experiments show that TablePuppet can achieve model ac-
curacy comparable to this (strongest) baseline. Our approach
also converges faster than factorized approaches which use
GD-based algorithms. For performance, we focus on studying
the communication overhead as it is the primary bottleneck
in distributed environments [71,60,48]. Experimental results
show that our optimized SGD/ADMM atop TablePuppet
takes less communication time and less training time to con-
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...

  (SELECT columns FROM order o, item i, customer c1 
   WHERE o.itemID = i.itemID AND o.customerID = c1.customerID)
   UNION
  (SELECT columns FROM order o, item i, customer c2
   WHERE o.itemID = i.itemID AND o.customerID = c2.customerID)

Order table

Item table
ItemID name type price

a01 n1 S 123
a02 n2 L 350
a03 n3 M 280

Customer tables

SQL query (UCQ)

LRT: Train ML models on the UCQ result
for sales prediction without table sharing

orderID itemID
1 a01
2 a02
3 a01
4 a02

c001
c002
c003
c001

order_columns
10%
8%
5%

15%

customer_columns
Alice, F, 30, US
Bob, M, 28, US

Carol, M, 35, UK
Alice, F, 30, US

item_columns
n1, S, 123
n2, L, 350
n1, S, 123
n2, L, 350

...

customerID name age address
c001 Alice 30 US
c002 Bob 28 US

c003 Carol 35 UK
c004 Dave 55 UK

gender
F
M

M
M

orderID customerIDitemID discount quantity
1 c001a01 10% 200
2 c002a02 8% 300
3 c003a01 5% 500
4 c001a02 15% 900

customerID

... ... ... ...

quantity
200
300
500
900
...

Fig. 1 A LRT example, using UCQ (with SQL syntax) to express the
joins and unions over three tables.

verge (to similar accuracy) compared to the state-of-the-art
SGD/ADMM implementations.

In summary, this paper makes the following contributions:

– We formalize the problem of learning over relational
tables (LRT) as learning over the UCQ result, which can
accommodate the centralized and distributed database
environments.

– We present TablePuppet, a generic framework that
can push learning down to individual tables without
table sharing. It supports both SGD and ADMM, with
computation and communication optimization as well
as privacy guarantees.

– We implement TablePuppet using a server-client archi-
tecture with three high-level operators, which unifies the
design and implementation of SGD/ADMM algorithms.

– We provide a theoretical analysis of the computation and
communication complexity of TablePuppet.

– We evaluate TablePuppet on real-world datasets with
multiple ML models in diverse scenarios. Our evaluation
results demonstrate its effectiveness and efficiency.

2 Learning over Relational Tables (LRT)

We start by an example scenario of LRT, followed by a formal
problem statement. We further discuss limitations of existing
approaches when facing the challenges brought in by the LRT
problem.

2.1 Example Scenario of LRT

Assume there is a large international store with branches in
US and UK. As shown in Figure 1, the store owns an order
table, an item table, and a customer table. The store wants
to use these three tables to train a user purchase model for
sales prediction. The label column is quantity, while the other

columns of the three tables can be viewed as feature columns.
To obtain the complete training data for this data science task,
one needs to join the three tables order, item, and customer
with the following join predicates:

order.itemID = item.itemID and
order.customerID = customer.customerID.

The join columns can contain duplicates. For example, as
shown in Figure 1, the order table contains multiple tuples
with the same itemID or the same customerID. Consequently,
the join result can be substantially larger than each individual
table.

Each table involved in the join can be horizontally parti-
tioned into multiple tables, and each horizontal table can be
owned by a different node/region/organization. In the example
shown in Figure 1, the customer table is partitioned into two
tables, customer1 and customer2, that are managed by two
branches of the store in US and UK. This necessitates an
additional union over the join results. In database literature,
the above operations can be naturally expressed by union of
conjunctive queries (UCQ) [79].

2.2 Problem Formalization

Suppose that there are 𝑀 relational tables {𝑇𝑖}𝑖∈[𝑀 ] . The
𝑖-th table 𝑇𝑖 consists of 𝑄𝑖 horizontal partitions/shards as
𝑇𝑖 = ∪[𝑇1

𝑖
, . . . , 𝑇

𝑄𝑖

𝑖
], where each horizontal shard/table 𝑇𝑞

𝑖

is owned by a client 𝑐𝑞
𝑖
. In practice, the client can be a node in

a local cluster, a cloud region, or a federated organization. As
shown in Figure 2, each 𝑇𝑞

𝑖
contains 𝑛𝑞

𝑖
tuples and 𝑑𝑖 features,

and therefore the full table 𝑇𝑖 contains 𝑛𝑖 =
∑𝑄

𝑞=1 𝑛
𝑞

𝑖
tuples

and 𝑑𝑖 features (i.e., 𝑇𝑖 ∈ R𝑛𝑖×𝑑𝑖 ). The total client count is 𝑄,
which is the sum of 𝑄𝑖 . We can perform SQL (UCQ) queries
on these tables {𝑇𝑞

𝑖
}𝑞∈[𝑄𝑖 ],𝑖∈[𝑀 ] . We assume that one of the

{𝑇𝑖}𝑖∈[𝑀 ] tables contains the label column.
We denote the fully joined table (i.e., the UCQ result) as

𝑋 = ⊲⊳ [𝑇1, . . . , 𝑇𝑀 ] = [𝑋1, . . . , 𝑋𝑀 ],

which contains 𝑁 tuples, 𝑑 =
∑𝑀
𝑖=1 𝑑𝑖 feature columns, and

a label column 𝑦 ∈ R𝑁 . A single server is responsible for
coordinating these clients to jointly train machine learning
models on 𝑋 . We can now define the optimization problem
associated with LRT as Eq. 1:

min
Θ

1
𝑁

𝑁∑︁
𝑗=1

ℓ(Θ; 𝑋𝑖, 𝑗 , 𝑦 𝑗 ) + 𝛽R(Θ), where (1)

𝑋𝑖, 𝑗 = { ⊲⊳ [𝑇1, . . . , 𝑇𝑀 ]}𝑖, 𝑗 , 𝑇𝑖 = ∪[𝑇1
𝑖 , . . . , 𝑇

𝑄𝑖

𝑖
], 𝑖 ∈ [𝑀] .

Here, we assume that the server has obtained and stored the
UCQ results as 𝑋 = [𝑋1, . . . , 𝑋𝑀 ] = {𝑋𝑖, 𝑗 }𝑖∈[𝑀 ], 𝑗∈[𝑁 ] , i.e.,
𝑋𝑖, 𝑗 is the 𝑗-th tuple of 𝑋𝑖 . In this case, we can directly train the
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Client  Client  Client 

Join

Table 

Server

Table 
(client  and )

After joins, one tuple in  can
appear in multiple rows in  

Table 
(client  and )

Table 
(client  and )

Client  Client Client 

Table Table 

Fig. 2 Illustration of LRT where the table 𝑋 with column 𝑦 is the UCQ result. Each horizontal table 𝑇𝑞

𝑖
is owned by a client 𝑐𝑞

𝑖
.

ML models with parameters Θ on 𝑋 in the server. Moreover,
ℓ represents the loss function (e.g., cross entropy loss) and
R represents the regularization function (e.g., 𝐿2-norm) for
Θ (with constant 𝛽). However, it is often too expensive or
even infeasible (e.g., for data compliance reasons like GDPR
regulation [2]) to perform UCQ queries on the tables, so the
server cannot directly obtain 𝑋 . As a result, Eq. 1 cannot be
directly solved as it is.

2.3 Limitations of Existing Work

We present a brief overview of existing work and discuss its
limitations in addressing the challenges raised by the LRT
problem.

2.3.1 ML over Joins

The database community has proposed factorized approaches,
such as factorized learning and learning over factorized
joins [76,75,50,16,74] for the problem of ML over joins.
However, these approaches have several limitations: (1) cen-
tralized focus—they are primarily designed for centralized
environments, focusing only on join operations, and do not
address the communication challenges in distributed environ-
ments with union operations; (2) model specificity—they are
tailored to specific models, particularly linear models and
matrix factorization models, limiting their applicability to
broader ML tasks, like non-linear neural networks; and (3)
inefficiency of convergence—they typically employ gradient
descent (GD), which converges slower than more efficient
methods such as stochastic gradient descent (SGD). More-
over, existing work on ML over joins cannot support ADMM,
which is popular and well-suited for distributed environments.

2.3.2 Federated Learning (FL)

The machine learning community proposed horizontal/vertical
FL (HFL/VFL) for learning over federated tables. HFL is a
special case of LRT when there is only one table with multiple
horizontal partitions (i.e., 𝑀 = 1). Existing work on HFL,
such as FedAvg [60], usually trains local models on individual
horizontal partitions and then periodically synchronizes (e.g.,

by taking the average of) the model parameters or gradients.
VFL is another special case of LRT. A single table is shared
among multiple clients, where each client owns a vertical
partition, i.e., a set of feature columns. Moreover, it assumes
that the tuples in each vertical partition can be one-to-one
perfectly aligned without joins. VFL has been extensively
studied [56,19,82,35,38,89,92,25,41,55,80,17,42,43]. It
typically leverages SGD [56,42,17] or ADMM [83,41] to
train local models in distributed clients.

LRT is more complex than HFL and VFL, which involves
a combination of vertical/horizontal tables, as well as one-
to-many and/or many-to-many relationships introduced by
joins. HFL/VFL cannot be directly run on the horizontal
tables shown in Figure 2, because the objective function for
model training is defined over the joined table and cannot be
directly defined on these horizontal tables (e.g., 𝑇1

1 and 𝑇2
1 )

for HFL/VFL.

3 Overview of TablePuppet

The key idea of TablePuppet is to decompose the learn-
ing process involved in LRT into two steps: (1) learning
over join (LoJ) followed by (2) learning over union (LoU).
Specifically, the LoJ step pushes learning on the fully joined
table to each vertical table 𝑇𝑖 . It involves a table mapping
mechanism to avoid actual joins and unions. It also employs
optimization strategies that significantly reduce the computa-
tion and communication complexities from O(𝑁) to O(𝑛𝑖),
where 𝑁 is the length of the joined table and 𝑛𝑖 is the length
of each 𝑇𝑖 . For each learning problem on the vertical table
𝑇𝑖 resulted from the LoJ step, the LoU step further pushes
computation down to each horizontal table/shard 𝑇

𝑞

𝑖
. This

(LoJ-LoU) two-step decomposition enables TablePuppet
to flexibly integrate and optimize various types of learning
algorithms. We demonstrate how to effectively implement
two widely-used algorithms, SGD and ADMM.

TablePuppet coordinates the LoJ and LoU computation
on vertical/horizontal tables using a server-client architecture
(detailed in Section 4), where the server can be one of the
clients or an independent instance. The global ML model
with parameters Θ is partitioned into local models that are
stored within individual clients. The server performs global



TablePuppet: Towards a Generic Framework for Learning over Relational Tables 5

server-side computation and coordinates the computation
across clients, while clients perform client-side computation
with local model updates.

3.1 Learning over Join on Vertical Tables (LoJ)

LoJ first uses a table mapping mechanism to build a logical
joined table 𝑋 to represent the UCQ result without data shar-
ing among clients. It then decomposes/pushes learning over
the joined table to each vertical table 𝑇𝑖 . It finally performs
computation and communication reduction for duplicate tu-
ples introduced by joins.

3.1.1 Table-Mapping Mechanism

To represent the global table of UCQ results, our key idea is
to join the ⟨join_key, row_id⟩ columns of each table to get an
index mapping between the logical joined table 𝑋 and each
vertical table 𝑇𝑖 as 𝑋𝑖, 𝑗 ↦→ 𝑇𝑖, 𝑝𝑖 ( 𝑗 ) , i.e., the 𝑗-th tuple of 𝑋𝑖
comes from the 𝑝𝑖 ( 𝑗)-th tuple of 𝑇𝑖 as shown in Figure 3(a),
and 𝑝𝑖 denotes the mapping function for 𝑇𝑖 .

Step 1: To obtain this mapping, each client first extracts
the ⟨join_key, row_id⟩ columns from its table and then sends
these columns to the server. The clients that own the labels
need to send the labels to the server as well. For federated
scenarios, we describe the related privacy guarantees on
⟨join_key, row_id⟩ in Section 4.3.

Step 2: After collecting ⟨join_key, row_id⟩ columns
from all the clients, the server first merges the collected
⟨join_key, row_id⟩ of horizontal tables to be ⟨join_key, row_id⟩
of vertical table𝑇𝑖 . It then joins the join_key columns specified
in the UCQ and obtains the mapping 𝑝𝑖 =

[
𝑋𝑖, 𝑗 ↦→ 𝑇𝑖, 𝑝𝑖 ( 𝑗 )

]
that maps 𝑋𝑖 to 𝑇𝑖 .

After that, the computation on each tuple of the joined
table 𝑋 , i.e., 𝑋𝑖, 𝑗 , can be transferred to the computation on
the corresponding tuple of the vertical table 𝑇𝑖 , i.e., 𝑇𝑖, 𝑝𝑖 ( 𝑗 ) .
The server also aggregates the received labels as 𝑦 based on
the table mapping.

3.1.2 Problem Decomposition and Push Down

LoJ aims to push ML training on the joined table 𝑋 down to
each vertical table 𝑇𝑖 . Following the vertical FL paradigm [56,
42], TablePuppet first decomposes the global model into
local models by partitioning the global model parameters Θ =

[𝜃1, . . . , 𝜃𝑀 ], where 𝜃𝑖 denotes the parameters of the local
model 𝑓𝑖 associated with 𝑋𝑖 . Then, TablePuppet transforms
the LRT problem of Eq. 1 into an optimization problem on
the predictions of local models (Eq. 2), where ℎ𝑖, 𝑗 denotes

the model prediction of 𝑓𝑖 on the tuple 𝑋𝑖, 𝑗 ,∀ 𝑗 ∈ [𝑁]:

min
{ 𝜃𝑖 }𝑀𝑖=1

1
𝑁

𝑁∑︁
𝑗=1

ℓ

(
𝑀∑︁
𝑖=1

ℎ𝑖, 𝑗 ; 𝑦 𝑗

)
+ 𝛽

𝑀∑︁
𝑖=1
R𝑖 (𝜃𝑖), where (2)

ℎ𝑖, 𝑗 = 𝑓𝑖 (𝜃𝑖; 𝑋𝑖, 𝑗 ) = 𝑓𝑖 (𝜃𝑖;𝑇𝑖, 𝑝𝑖 ( 𝑗 ) ), 𝑇𝑖 = ∪[𝑇1
𝑖 , . . . , 𝑇

𝑄𝑖

𝑖
] .

By default, the outputs ℎ𝑖, 𝑗 from all local models are
first aggregated at the server (e.g., summed) and then passed
through a non-linear activation function (e.g., sigmoid or
softmax) to form a unified prediction. The cross-entropy
loss ℓ(·; 𝑦 𝑗 ) is then computed on this activated, aggregated
output. This aggregation–activation–loss pipeline is the key
step where cross-feature patterns are captured: although raw
features from different vertical tables are never explicitly
joined, their contributions are fused in the aggregated predic-
tion and jointly optimized through the loss. Each local model
can be either a linear model or a neural network, making
TablePuppet applicable to both linear and nonlinear cases.
For a linear model, 𝜃𝑖 ∈ R𝑑𝑖×𝑑𝑐 is the weight matrix with 𝑑𝑐

classes; for a neural network, 𝜃𝑖 denotes its parameters.
After that, TablePuppet leverages the table-mapping

mechanism to push the learning problem on top of 𝑋𝑖 down
to each vertical table 𝑇𝑖 , enabling the computation of ℎ𝑖, 𝑗 =
𝑓𝑖 (𝜃𝑖;𝑇𝑖, 𝑝𝑖 ( 𝑗 ) ) for all 𝑗 ∈ [𝑁] without requiring 𝑋𝑖 explicitly.

However, we cannot directly solve the optimization prob-
lem of Eq. 2, since the server cannot directly compute its
gradient ∇𝜃𝑖ℓ 𝑗 =

𝜕ℓ 𝑗

𝜕𝜃𝑖
where ℓ 𝑗 = ℓ(∑𝑀

𝑖=1 ℎ𝑖, 𝑗 ; 𝑦 𝑗 ), which
requires the local tables that only reside in individual clients.
To address this table sharing issue, we decompose the opti-
mization problem of Eq. 2 into sub-problems and push each
sub-problem down to the corresponding vertical table 𝑇𝑖 .

Specifically, we discuss below how to push SGD and
ADMM down to vertical tables, alongside necessary compu-
tation on the server side. For SGD, we focus on how to break
down the gradient computation across vertical tables as well
as the server. For ADMM, we focus on how to decompose the
global optimization problem into separate and independent
optimization problems, each associated with a vertical table.
Compared to decomposed gradient computation in SGD,
these independent optimization problems in ADMM enable
more computation on the client side, thereby reducing the
communication rounds with the server:

(1) SGD. We can decompose the optimization problem
of Eq. 2 into two sub-problems, by the chain rule ∇𝜃𝑖ℓ 𝑗 =
𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗

𝜕ℎ𝑖, 𝑗

𝜕𝜃𝑖
. The first sub-problem is to compute the partial

derivative of ℓ 𝑗 w.r.t. ℎ𝑖, 𝑗 as 𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
on the server side, since the

server can obtain all the model predictions ℎ𝑖, 𝑗 from clients.
The second sub-problem is to compute the partial derivative
of ℎ𝑖, 𝑗 w.r.t. 𝜃𝑖 as 𝜕ℎ𝑖, 𝑗

𝜕𝜃𝑖
on the client side. Consequently, the

client with 𝑇𝑖 can compute ∇𝜃𝑖ℓ 𝑗 after receiving the 𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
from the server, and further compute the gradient of Eq. 2
as ∇𝜃𝑖𝐹 (𝑇𝑖) using Eq. 5 shown in Table 2. Finally, the client
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Fig. 3 TablePuppet framework and its training process. The red (black) locks indicate locations where DP is (can be) applied.

Table 1 Table of Notations.
Notation Definition
𝑇𝑖 , 𝑇

𝑞

𝑖
Given a table 𝑇𝑖 , the 𝑞-th horizontal partition/shard of 𝑇𝑖 is 𝑇𝑞

𝑖
.

𝑋𝑖 𝑋𝑖 refers to the 𝑖-th vertical slice of the joined table 𝑋.
𝑋𝑖, 𝑗 ↦→ 𝑇𝑖,𝑝𝑖 ( 𝑗) After the UCQ, the 𝑗-th tuple of 𝑋𝑖 is from the 𝑝𝑖 ( 𝑗 )-th tuple of 𝑇𝑖 .
ℎ𝑖, 𝑗 = 𝑓𝑖 (𝜃𝑖 ; 𝑥 ) 𝜃𝑖 refers to the parameters of the local model 𝑓𝑖 , while ℎ𝑖, 𝑗 is the prediction of model 𝑓𝑖 (𝜃𝑖 ) on tuple 𝑥.
ℓ 𝑗 = ℓ

(
𝑥; 𝑦 𝑗

)
The loss function ℓ for the element 𝑥 with label 𝑦 𝑗 .

𝑧 𝑗 , 𝜆 𝑗 𝑧 𝑗 , 𝜆 𝑗 are auxiliary/dual variables for ADMM in LoJ.
𝜌 𝜌 ∈ R is a penalty parameter that can be tuned in ADMM.

𝑇𝑖, 𝑗 ↦→ 𝑋𝑖,𝐺𝑖 ( 𝑗) After the UCQ, 𝑇𝑖, 𝑗 appears multiple times in 𝑋𝑖 and the corresponding set of row indices is denoted as 𝐺𝑖 ( 𝑗 ) .
𝑔 ∈ 𝐺𝑖 ( 𝑗 ) Each 𝑔 ∈ 𝐺𝑖 ( 𝑗 ) denotes a specific tuple index in 𝑋𝑖 , i.e., 𝑋𝑖,𝑔 comes from 𝑇𝑖, 𝑗 .
𝑇
𝑞

𝑖, 𝑗
, 𝜃

𝑞

𝑖
𝑇
𝑞

𝑖, 𝑗
is the 𝑗-th tuple of 𝑇𝑞

𝑖
, and 𝜃𝑞

𝑖
denotes model parameters w.r.t. 𝑇𝑞

𝑖
.

𝑤𝑖 , 𝑢𝑖 𝑤𝑖 , 𝑢𝑖 are auxiliary/dual variables for ADMM in LoU.

with 𝑇𝑖 can update its local 𝜃𝑖 using Eq. 6 with learning
rate 𝜂. Now we have pushed the LoJ problem down to each
vertical table 𝑇𝑖 associated with client-side computation of
Eq. 5 and Eq. 6, alongside server-side computation of Eq. 4.
We can also use mini-batch SGD to compute these equations,
by randomly subsampling a batch 𝐵 from 𝑁 and change 𝑁

to 𝐵 in each equation. However, the client-side computation
complexity remains O(𝑁).

(2) ADMM. Unlike SGD, ADMM aims to decompose the
global optimization problem of Eq. 2 into multiple indepen-
dent optimization sub-problems. To achieve this, we follow
the sharing ADMM paradigm [12] to rewrite Eq. 2 into the
Eq. 3 below, by introducing auxiliary variables 𝑧 = {𝑧 𝑗 }𝑁𝑗=1
where 𝑧 𝑗 ∈ R𝑑𝑐 :

minimize 1
𝑁

∑𝑁
𝑗=1 ℓ

(
𝑧 𝑗 ; 𝑦 𝑗

)
+ 𝛽

∑𝑀
𝑖=1 R𝑖 (𝜃𝑖),

subject to
∑𝑀
𝑖=1 ℎ𝑖, 𝑗 − 𝑧 𝑗 = 0, ℎ𝑖, 𝑗 = 𝑓𝑖 (𝜃𝑖;𝑇𝑖, 𝑝𝑖 ( 𝑗 ) ).

(3)

We then add a quadratic term to the Lagrangian of Eq. 3,
known as augmented Lagrangian [12]. After that, we can
solve the optimization problem using ADMM with three
update steps, including the server-side 𝑧-update and 𝜆-update

(Eq. 7 and 8), as well as the client-side 𝜃-update (Eq. 9),
as shown in Table 2. In these equations, 𝑎𝑡 refers to the
value of 𝑎 in the 𝑡-th epoch, whereas 𝜌 ∈ R is a tunable
penalty parameter. {𝜆 𝑗 }𝑁𝑗=1 are dual variables and 𝜆 𝑗 ∈ R𝑑𝑐 .
The {𝑠𝑖, 𝑗 }𝑁𝑗=1 are residual variables for each table 𝑇𝑖 , where
𝑠𝑖, 𝑗 =

∑𝑀
𝑘=1,𝑘≠𝑖 𝑓𝑖 (𝜃𝑘 ;𝑇𝑘, 𝑝𝑘 ( 𝑗 ) ) − 𝑧 𝑗 . This decomposition

pushes independent optimization problems, i.e., 𝜃𝑖-updates to
each 𝑇𝑖 , which requires less communication with the server,
i.e., only after the 𝜃𝑖-update finishes, compared to (mini-batch)
SGD.

3.1.3 Reduction of Computation and Communication Cost

While ADMM can reduce the number of communication
rounds compared to SGD, its computation and communication
complexity remains as O(𝑁). Both SGD and ADMM need to
perform

∑𝑁
𝑗=1 (·) during client-side computation using Eq. 5

and 9. Here, 𝑁 refers to the length of the joined table 𝑋 ,
which can be orders of magnitude larger than the length 𝑛𝑖 of
each vertical table 𝑇𝑖 , due to duplicate tuples introduced by
joins. For example, if both 𝑋𝑖,𝑎 and 𝑋𝑖,𝑏 are generated by the
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Table 2 The problem decomposition for LoJ, using SGD and ADMM with computation/communication reduction.

Algorithm Server Client with 𝑇𝑖

SGD
𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
, ∀ 𝑗 ∈ [𝑁 ].(4)

∇𝜃𝑖𝐹 (𝑇𝑖 ) =
1
𝑁

𝑁∑︁
𝑗=1

(
𝜕ℓ 𝑗

𝜕𝜃𝑖
+ 𝛽 𝜕R𝑖

𝜕𝜃𝑖

)
, (5)

𝜃𝑖 := 𝜃𝑖 − 𝜂∇𝜃𝑖𝐹 (𝑇𝑖 ) .(6)

ADMM

𝑧𝑡𝑗 = argmin
𝑧 𝑗

(
ℓ

(
𝑧 𝑗 ; 𝑦 𝑗

)
−

(
𝜆𝑡−1
𝑗

)⊤
𝑧 𝑗

+𝜌
2






 𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗






2ª®¬ , (7)
𝜆𝑡𝑗 = 𝜆

𝑡−1
𝑗 + 𝜌

(
𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧𝑡𝑗

)
.(8)

𝜃 𝑡+1
𝑖 = argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) +
1
𝑁

𝑁∑︁
𝑗=1
𝜆𝑡⊤𝑗 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )

+ 1
𝑁

𝑁∑︁
𝑗=1

𝜌

2




𝑠𝑡𝑖, 𝑗 + 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )



2ª®¬ .(9)

SGD
(optimized)

𝑌𝑖, 𝑗 =
∑︁

𝑔∈𝐺𝑖 ( 𝑗)

𝜕ℓ𝑔

𝜕ℎ𝑖,𝑔
, ∀ 𝑗 ∈ [𝑛𝑖 ], (10)

𝐺𝑖, 𝑗 = |𝐺𝑖 ( 𝑗 ) | , ∀ 𝑗 ∈ [𝑛𝑖 ].(11)

∇𝜃𝑖𝐹 (𝑇𝑖 ) =
1
𝑁

𝑛𝑖∑︁
𝑗=1

(
𝑌𝑖, 𝑗

𝜕ℎ𝑖, 𝑗

𝜕𝜃𝑖
+ 𝛽𝐺𝑖, 𝑗

𝜕R𝑖

𝜕𝜃𝑖

)
, (12)

𝜃𝑖 := 𝜃𝑖 − 𝜂∇𝜃𝑖𝐹 (𝑇𝑖 ) .(13)

ADMM
(optimized)

Apart from Eq. 7 and 8, the server also performs:

𝑌 𝑡
𝑖, 𝑗 =

∑︁
𝑔∈𝐺𝑖 ( 𝑗)

(𝜆𝑡𝑔 + 𝜌𝑠𝑡𝑖,𝑔 ) , ∀ 𝑗 ∈ [𝑛𝑖 ], (14)

𝐺𝑖, 𝑗 = |𝐺𝑖 ( 𝑗 ) | , ∀ 𝑗 ∈ [𝑛𝑖 ].(15)

𝜃 𝑡+1
𝑖 = argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) +
1
𝑁

𝑛𝑖∑︁
𝑗=1
(𝑌 𝑡

𝑖, 𝑗 )⊤ 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

+ 1
𝑁

𝑛𝑖∑︁
𝑗=1

𝜌𝐺𝑖, 𝑗

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

2ª®¬ .(16)

Table 3 The problem decomposition for LoU, using optimized SGD and ADMM.

Algorithm Coordinator (Server) Client with 𝑇𝑞

𝑖

SGD
(optimized) ∇𝜃𝑖𝐹 (𝑇𝑖 ) =

1
𝑁

𝑄𝑖∑︁
𝑞=1
∇𝜃𝑖𝐹 (𝑇

𝑞

𝑖
) .(17) ∇𝜃𝑖𝐹 (𝑇

𝑞

𝑖
) =

𝑛
𝑞

𝑖∑︁
𝑗=1

(
𝑌𝑖, 𝑗

𝜕ℎ𝑖, 𝑗

𝜕𝜃𝑖
+ 𝛽𝐺𝑖, 𝑗

𝜕R𝑖

𝜕𝜃𝑖

)
, (18)

𝜃𝑖 := 𝜃𝑖 − 𝜂∇𝜃𝑖𝐹 (𝑇𝑖 ) .(19)

ADMM
(optimized)

𝑤𝜏
𝑖 = argmin

𝑤𝑖

(
𝛽R𝑖 (𝑤𝑖 ) +

𝑀𝜌

2




𝑤𝑖 − 𝜃 𝜏𝑖 − 𝑢𝜏−1
𝑖




2
)
, (20)

𝑢
𝑞,𝜏

𝑖
= 𝑢

𝑞,𝜏−1
𝑖

+ 𝜃𝑞,𝜏
𝑖
− 𝑤𝜏

𝑖 .(21)

𝜃
𝑞,𝜏+1
𝑖

= argmin
𝜃
𝑞

𝑖

(
1
𝑁
𝑙
(
𝜃
𝑞

𝑖
;𝑇𝑞

𝑖

)
+𝜌

2


𝜃𝑞

𝑖
− 𝑤𝜏

𝑖 + 𝑢
𝑞,𝜏

𝑖



2
)
.(22)

same tuple 𝑇𝑖,𝑘 after the join, 𝑇𝑖,𝑘 will be visited twice during
the client-side computation of SGD and ADMM. Moreover,
the server needs to send its computation results to each client
with 𝑇𝑖 in each epoch, such as the partial gradient 𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
of

SGD and the 𝑠𝑖, 𝑗 , 𝜆 𝑗 of ADMM. These variables are of length
𝑁 , which attributes to the O(𝑁) communication complexity.

To minimize the computation and communication over-
head, we develop two optimization strategies for the LoJ
step: (1) reduce the client-side computation on duplicate
tuples by aggregating the variables on the server-side; and (2)
communicate the aggregated variables instead of the original
ones between the server and clients. Below we detail their
implementations for SGD and ADMM:

(1) SGD. We figure out that the second part 𝜕ℎ𝑖, 𝑗
𝜕𝜃𝑖

of the
chain rule ∇𝜃𝑖ℓ 𝑗 =

𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗

𝜕ℎ𝑖, 𝑗

𝜕𝜃𝑖
is the same for all duplicate

tuples from 𝑇𝑖 , as it is only determined by the model function
𝑓𝑖 and each tuple of 𝑇𝑖 . Therefore, we can aggregate the part
𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
for duplicate tuples on the server side, and then send the

aggregated variables to the clients for reducing the client-side
computation.

To facilitate the aggregation on the server side, we first
construct a reverse table mapping 𝑇𝑖, 𝑗 ↦→ 𝑋𝑖,𝐺𝑖 ( 𝑗 ) , which
means 𝑇𝑖, 𝑗 , i.e., the 𝑗-th tuple of 𝑇𝑖 , is mapped to multiple
tuples in 𝑋𝑖 , denoted as {𝑋𝑖,𝑔}𝑔∈𝐺𝑖 ( 𝑗 ) . Here, 𝑋𝑖,𝑔 is the 𝑔-th
tuple in 𝑋𝑖 and 𝐺𝑖 ( 𝑗) refers to the index set of the mapped
multiple tuples. |𝐺𝑖 ( 𝑗) | denotes the total tuple number in
the 𝐺𝑖 ( 𝑗). We then aggregate the 𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
of duplicate tuples as

shown in Eq. 10 and Eq. 11. Using the aggregated variables
𝑌𝑖, 𝑗 and 𝐺𝑖, 𝑗 , we can rewrite the client-side computation of
Eq. 5 into Eq. 12, where 𝐺𝑖 remains the same in each epoch.

Note that Eq. 12 has transformed the computation of∑𝑁
𝑗=1 (·) to

∑𝑛𝑖
𝑗=1 (·) and therefore the computation overhead is

reduced from 𝑂 (𝑁) to 𝑂 (𝑛𝑖). Moreover, the server can send
𝑌𝑖 ∈ R𝑛𝑖×𝑑𝑐 and 𝐺𝑖 ∈ R𝑛𝑖 to the client that owns 𝑇𝑖 , instead
of sending 𝜕ℓ 𝑗

𝜕ℎ𝑖, 𝑗
∈ R𝑁×𝑑𝑐 and the table-mapping that are

in 𝑂 (𝑁). Therefore, the communication overhead between
the server and the clients is reduced from O(𝑁) to O(𝑛𝑖)
as well. However, for mini-batch SGD, the server needs to
aggregate for the duplicate tuples inside each batch, so the
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reduced computation and communication is between O(𝑛𝑖)
and O(𝑁).

(2) ADMM. For the client-side computation of Eq. 9, du-
plicate tuples lead to duplicate computation of 𝑓𝑖 (𝜃𝑖;𝑇𝑖, 𝑝𝑖 ( 𝑗 ) ).
We can perform an optimization strategy similar to SGD.
The server combines and aggregates the variables (e.g., 𝜆 𝑗
and 𝑠𝑖, 𝑗 ) of duplicate tuples as shown in Eq. 14 and Eq. 15.
Using 𝑌𝑖, 𝑗 and 𝐺𝑖, 𝑗 , we can rewrite the 𝜃𝑖-update as Eq. 16,
which transforms the computation of

∑𝑁
𝑗=1 (·) to

∑𝑛𝑖
𝑗=1 (·) and

thus reduces the computation overhead from 𝑂 (𝑁) to 𝑂 (𝑛𝑖).
Moreover, the server can send 𝑌𝑖 and 𝐺𝑖 to the client that
owns 𝑇𝑖 , instead of sending 𝜆, 𝑠𝑖 and the table-mapping that
are in𝑂 (𝑁) as shown by Eq. 9. Therefore, the communication
overhead is also reduced from O(𝑁) to O(𝑛𝑖).

3.2 Learning over Union on Horizontal Tables

LoJ has pushed ML training down to each vertical table 𝑇𝑖 .
The next question is how to push the computation down to
each horizontal shard/table 𝑇𝑞

𝑖
. For SGD, we can decompose

the gradient computation and synchronize it for local model
updates, as the gradient computation on each tuple is indepen-
dent. For ADMM, to decompose the optimization problem
of 𝜃𝑖-update, we can also use SGD. However, to reduce the
number of communication rounds, we use horizontal ADMM
instead to decompose it to independent optimization problems
on horizontal tables:

(1) SGD. Our goal is to push the computation on 𝑇𝑖 , i.e.,
Eq. 12 and Eq. 13, down to the clients that own {𝑇𝑞

𝑖
}𝑞∈[𝑄𝑖 ] .

Our key idea is to decouple the gradient computation while
performing the same model update in each client as that of
Eq. 13. First, we allocate the same model with the same 𝜃𝑖

for each client with 𝑇
𝑞

𝑖
. Second, we decompose the gradient

computation of Eq. 12 into sub-problems as follows: (1) each
client first performs partial gradient computation on 𝑇

𝑞

𝑖
as

Eq. 18; (2) a coordinator of the clients then aggregates the
partial gradients as Eq. 17 and sends the aggregate back to
the clients; (3) each client updates the model using Eq. 19. In
particular, the server can act as the coordinator as well.

(2) ADMM. For ADMM, we decompose an independent
optimization problem, i.e., the 𝜃𝑖-update, into sub-problems
w.r.t. the 𝑇

𝑞

𝑖
’s, by leveraging consensus ADMM [12]. Con-

ceptually, this decomposition “pushes” ADMM through the
union operation down to the horizontal tables. Specifically,
we first rewrite Eq. 16 as Eq. 23:

minimize 1
𝑁

∑𝑄𝑖

𝑞=1 𝑙
(
𝜃
𝑞

𝑖
;𝑇𝑞
𝑖

)
+ 𝛽R𝑖 (𝜃𝑖),

𝑙
(
𝜃
𝑞

𝑖
;𝑇𝑞
𝑖

)
=

∑𝑛
𝑞

𝑖

𝑗=1

[
(𝑌𝑞,𝑡
𝑖, 𝑗
)⊤ 𝑓𝑖 (𝜃𝑞𝑖 ;𝑇𝑞

𝑖, 𝑗
) +

𝜌𝐺
𝑞

𝑖, 𝑗

2




 𝑓𝑖 (𝜃𝑞𝑖 ;𝑇𝑞
𝑖, 𝑗
)



2

]
.

(23)

Here, 𝜃𝑞
𝑖

refers to the model parameters w.r.t. 𝑇𝑞
𝑖

. 𝑇𝑞
𝑖, 𝑗

denotes
the 𝑗-th tuple in 𝑇𝑞

𝑖
, and 𝑌𝑞,𝑡

𝑖, 𝑗
refers to the 𝑗-th element of the

Server
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Fig. 4 The architecture of TablePuppet.

𝑞-th part of 𝑌𝑖 in the 𝑡-th epoch. We then rewrite Eq. 23 as
Eq. 24 by introducing auxiliary variables 𝑤𝑖 to approximate
each 𝜃

𝑞

𝑖
:

minimize
∑𝑄𝑖

𝑞=1
1
𝑁
𝑙
(
𝜃
𝑞

𝑖
;𝑇𝑞
𝑖

)
+ 𝛽R𝑖 (𝑤𝑖),

subject to 𝜃
𝑞

𝑖
− 𝑤𝑖 = 0, ∀𝑞 ∈ [𝑄𝑖] .

(24)

We can now use consensus ADMM to solve this optimiza-
tion problem with three update steps (Table 3). Here, 𝜃𝜏

𝑖

is the average of {𝜃𝑞,𝜏
𝑖
}𝑞∈[𝑄𝑖 ] and 𝑢𝜏−1

𝑖
is the average of

{𝑢𝑞,𝜏−1
𝑖

}𝑞∈[𝑄𝑖 ] , where 𝑢𝑖 is the scaled dual variable and 𝜏

denotes the 𝜏-th epoch of the horizontal ADMM. The co-
ordinator performs the 𝑤-update and 𝑢-update, while each
client 𝑞 that owns 𝑇

𝑞

𝑖
can perform the 𝜃

𝑞

𝑖
-update. During

each epoch of the horizontal ADMM, each client 𝑞 sends its
updated 𝜃

𝑞

𝑖
to the coordinator and the coordinator returns 𝑤𝑖

and 𝑢
𝑞

𝑖
to the client 𝑞 for model update with one round of

communication.

4 Implementation of TablePuppet

TablePuppet adopts a server-client architecture (Figure 4),
where the global ML model with parameters Θ is partitioned
into local models with {𝜃𝑞

𝑖
}𝑖∈[𝑀 ],𝑞∈[𝑄𝑖 ] stored by the clients.

The server and clients collaboratively and iteratively train
these local models. We abstract the training process as an ex-
ecution plan of three physical operators (Section 4.1), which
unifies the computation and communication of SGD/ADMM
(Section 4.2). TablePuppet also ensures differential privacy
for both features and labels (Section 4.3).

4.1 Training Process with Physical Operators

We illustrate the training process in Algorithm 1, which mainly
consists of two loops: (1) the outer loop that conducts learning
over join (LoJ) and (2) the inner loop that performs learning
over union (LoU). To implement and unify the training
processes of SGD and ADMM, we design three physical
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Algorithm 1: TablePuppet training process.
Input: Suppose 𝑋 =⊲⊳ [𝑇1, . . . , 𝑇𝑀 ] and

𝑇𝑖 = ∪[𝑇1
𝑖
, 𝑇2

𝑖
, . . . , 𝑇

𝑄𝑖

𝑖
]. There are one server and 𝑄

clients with 𝑄 =
∑𝑀

𝑖=1𝑄𝑖 . Each client owns a local
model and a table as 𝑇𝑞

𝑖
. The number of

communication rounds for outer loop is T and inner
loop is T′. For SGD, T = 𝐾𝑁/𝐵 and T′ = 1, where
𝐾 is the epoch number, 𝑁 is the tuple number of 𝑋,
and 𝐵 is the batch size. For ADMM, T = 𝐾 .

1 Server performs table mapping (Section 3.1.1).
2 for communication round 𝑡 ∈ [T] do // Outer loop
3 for each client with 𝑇𝑞

𝑖
, 𝑖 ∈ [𝑀 ], 𝑞 ∈ [𝑄𝑖 ] do

4 computes model predictions and send them to the
server.

5 Server gathers and aggregates model predictions.
6 Server does server-side computation (SGD-/ADMM-Opt

in Table 2).
7 Server scatters computation results to the clients.
8 for 𝑖 ∈ [𝑀 ] do // Inner loop
9 for communication round 𝜏 ∈ [T′ ] do

// T′ = 1 if 𝑄𝑖 = 1
10 if 𝑄𝑖 > 1 then
11 for each client with 𝑇𝑞

𝑖
, 𝑞 ∈ [𝑄𝑖 ] do

12 computes and sends variables (SGD:
Eq. 18 with DP, ADMM: local model
parameters) to the server.

13 Server performs coordinator-side
computation (SGD: Eq. 17, ADMM:
Eq. 20 and 21).

14 Server scatters computation results to the
clients.

15 for each client with 𝑇𝑞

𝑖
, 𝑞 ∈ [𝑄𝑖 ] do

16 performs client-side computation and
model update (SGD: Eq. 19, ADMM:
Eq. 22 with DP).

operators that abstract the computation and communication
of TablePuppet. The three operators include a LoJ operator,
a LoU operator, and a client operator for client-side model
updates. As shown in Table 4, each operator contains three
functions, including a compute() for computation, as well as
gather/scatter() or send/receive() for communication.

(1) LoJ operator: It works on the server for LoJ, with
the assumption that each LoU operator represents a vertical
table 𝑇𝑖 . It first uses gather() to collect model predictions
from each LoU operator, and then aggregates these model
predictions based on the table mapping. After that, it performs
server-side computation via compute(). Finally, it performs
scatter() to distribute the computation results to each LoU
operator, as if the computation results were scattered to each
𝑇𝑖 . As shown in Algorithm 1, the LoJ operator is responsible
for the steps 5-7 of the training process.

(2) LoU operator: It works on the server for coordinating
the clients with horizontal partitions of the same table. In
the outer loop, it uses gather() to collect model predictions
from clients, and combines them as model predictions on
a vertical 𝑇𝑖 , which are sent to the LoJ operator. It also
applies scatter() to distribute computation results from the

LoJ operator to the clients. In the inner loop, it gathers
partial gradients or variables from clients using gather(),
performs coordinator-side computation using compute(), and
distributes computation results back to clients with scatter().
As shown in Algorithm 1, the LoU operator is responsible
for the steps 13-14 of the training process.

(3) Client operator: It works on each client with horizon-
tal table 𝑇𝑞

𝑖
. It applies send() to transmit model predictions,

partial gradients, or model parameters to the LoU operator
(coordinator) for aggregation and computation. It gets com-
putation results, such as aggregated gradients and variables,
from the LoU operator using receive(). Finally, it performs
compute() for model update. As shown in Algorithm 1, the
client operator is responsible for the steps 4, 12, and 16 of
the training process.

Our communication operators are built on top of Ray [62],
a distributed execution framework that uses gRPC over TCP
for inter-node communication, rather than MPI or NCCL. This
design aligns with existing FL frameworks such as Flower [7].

The primary reason for leveraging Ray’s gRPC-based
communication is that the VFL/UCQ setting differs funda-
mentally from traditional data-parallel distributed ML training
within a local cluster. In VFL/UCQ, clients typically reside in
different organizations or geographically distributed locations
and often lack direct peer-to-peer connectivity. Our design
only requires each client to establish a secure and firewall-
friendly connection with a central coordinating server via TCP.
This approach is robust and widely supported in real-world
deployment environments [7].

Furthermore, clients hold different sets of features and in
the UCQ scenario, they also process different samples. As
a result, traditional data-parallel synchronization primitives
such as All-Reduce are not applicable. These primitives are de-
signed for homogeneous workloads where data is partitioned
across samples with identical feature structures. In contrast,
our framework follows a parameter-server-style architecture.
Clients train local models and exchange intermediate results
such as logits, gradients, or ADMM auxiliary variables with
the server. This communication pattern is naturally supported
by the task-actor model of Ray as well as its built-in network-
ing capabilities.

4.2 SGD/ADMM with TablePuppet

By combining the three physical operators in various ways
and adjusting the implementations of their inner functions,
we can implement SGD/ADMM not only for LRT (i.e., join-
union scenario) but also for a simpler join-only scenario (i.e.
without horizontal partitions). As shown in Table 5, for the
join-only scenario where each table has one client, we can just
utilize the LoJ operator and the client operator to implement
TP-Join-SGD and TP-Join-ADMM. For LRT, we use all
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Table 4 The physical operators with computation and communication
functions, which cover both SGD and ADMM.

Oper. Function SGD ADMM

LoJ
oper.

gather() model predictions model predictions
compute() Eq. 10, 11 Eq. 7, 8, 14, 15
scatter() partial derivatives auxiliary variables

LoU
oper.

gather() model predictions, model predictions,
partial gradients model parameters

compute() Eq. 17 Eq. 20 and Eq. 21
scatter() aggregated gradients auxiliary variables

Client
oper.

send() model predictions, model predictions,
partial gradients model parameters

receive() aggregated gradients auxiliary variables
compute() Eq. 18 and 19 Eq. 22

Table 5 The SGD and ADMM algorithms atop TablePuppet.

Scenario Algorithm Operator implementation

join-only TP-Join-SGD LoJ operator: Eq. 10, 11,
Client operator: Eq. 12, 13

TP-Join-ADMM LoJ operator: Eq. 7, 8, 14, 15,
Client operator: Eq. 16

join-union TP-UCQ-SGD As that in Table 4
(UCQ) TP-UCQ-ADMM As that in Table 4

three operators with functions shown in Table 4 to implement
TP-UCQ-SGD and TP-UCQ-ADMM.

4.3 Privacy Guarantees

For geo-distributed and federated scenarios, we need to defend
the tables and communicated variables from attacks. To
address this, TablePuppet provides additional differential
privacy (DP) [23] to ensure data privacy for both the table
features and labels. We adapt the DP definition for LRT as
follows.

Definition 1 ((𝜖, 𝛿)-DP [23]) A randomized algorithmM :
X𝑛 ↦→ Θ satisfies (𝜖, 𝛿)-DP if, for every pair of neighboring
datasets (i.e., the joined tables) 𝑋, 𝑋 ′ ∈ X𝑛 that differ by
one single tuple, and every possible (measurable) output set
𝐸 ⊆ Θ, the following inequality holds: Pr[M(𝑋) ∈ 𝐸] ≤
𝑒𝜖 Pr [M (𝑋 ′) ∈ 𝐸] + 𝛿.

We focus on addressing the key problem of where to inject
DP noises. Possible options for noise injections include the
individual tables, local model parameters, or the diverse vari-
ables communicated between the server and clients, shown
as black/red locks in Figure 3(b). The added noises should
ensure the privacy of labels/features in SGD/ADMM opti-
mization algorithms. Our approach uses separate differential
privacy (DP) mechanisms to protect both the labels and the
features. This separation is motivated by the structure of
the data: the labels are stored on the server, while the table
features reside on the client side. Our method is flexible and
can be adapted to other scenarios. For example, if the server
is a client that owns the label (and the features), there is no
need to add noise to the label itself. In such cases, we can

apply a one-time noise injection locally to protect both the
label and the features together on that client side. To protect
labels, we add noises to the raw labels, namely label-level
DP (Section 4.3.1). To protect features, we perturb local
model parameters on the client side (Section 4.3.2) instead
of perturbing the communicated variables. Our rationale for
making this design decision is that SGD and ADMM have
different communicated variables so it is challenging to add
noises to these variables in a uniform way. Adding noises
to the local model parameters can automatically ensure DP
of the communicated variables, due to the post-processing
property of DP [23].

4.3.1 Privacy Guarantee for Labels

In TablePuppet, clients need to add noises to the labels
before sending them to the server. Specifically, as shown
by Eq. 25, TablePuppet first adds Laplace noise with per-
coordinate standard deviation 𝜆 to the labels 𝑦, to satisfy
the DP guarantee, which results in a perturbed label vector.
Then, we identify the class that retains the maximum value in
the perturbed label vector as the new class label, with 𝑁class
representing the total number of classes:

𝑦̂ ← OneHot(𝑦) + Laplace(𝜆), 𝑦̂ ← arg max
𝑗∈[𝑁class ]

𝑦̂ 𝑗 . (25)

For continuous/numeric labels, 𝑁class = 1.
In addition to the labels, clients can use cryptographic

methods such as SHA-256 hashing to encrypt the join_key.
The server then uses the encrypted join_key to perform
joins and unions, assuming that hash collision is rare. Since
the row_id normally does not contain sensitive information,
clients can just send the raw row_id to the server. We leave
how to use other cryptographic methods, such as private set
intersection (PSI) [95,57,61], to perform table mapping as
future work.

4.3.2 Privacy Guarantee for Features

To protect the communicated variables as well as each
client’s local data, we leverage DP-SGD (i.e., clipping and
perturbing) [8] when updating each local model so that it
satisfies (𝜖, 𝛿)-DP. Since DP holds for any post-processing
on top of the data, the communicated variables based on
client’s local model, such as model predictions, partial deriva-
tives/gradients, and model parameters, also satisfy (𝜖, 𝛿)-DP.

Specifically, when updating the local model of each client,
we first clip per-sample gradient G 𝑗 with 𝐿2-norm threshold
𝐶, and then add Gaussian noise sampled from N(0, 𝜎2𝐶2)
to the averaged batch gradient as

G ← 1
𝐵

©­«
𝐵∑︁
𝑗=1
Clip

(
G 𝑗 , C

)
+ N

(
0, 𝜎2C2

)ª®¬ . (26)
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Table 6 The computation and communication complexity comparison for each epoch. Here, "Comp. (Server)" represents the computation complexity
on the server side, while "Comp. (Client)" refers to the computation complexity for each client 𝑐𝑞

𝑖
. "Comm. cost" denotes the communication cost

between the server and all clients per epoch. 𝐵 represents the batch size, and 𝛼𝑖 ∈ [𝑛𝑖 , 𝑁 ].

Complexity VFL-SGD VFL-ADMM TP-Join-SGD TP-Join-ADMM TP-UCQ-SGD TP-UCQ-ADMM

Comp. (Server) O (𝑁 ) O (𝑁 ) O (𝑁 ) O (𝑁 ) O (𝑁 ) + O (𝑀𝑁/𝐵) O (𝑁 ) + O (𝑀T′ )
Comp. (Client) O (𝑁 ) O (𝑁 ) O (𝛼𝑖 ) O (𝑛𝑖 ) O (𝛼𝑖/|𝑄𝑖 | ) O

(
T′𝑛𝑞

𝑖

)
Comm. rounds O (𝑁/𝐵) O (1) O (𝑁/𝐵) O (1) O (𝑁/𝐵) O (T′ )
Comm. cost O (𝑀𝑁 ) O (𝑀𝑁 ) O

(∑𝑀
𝑖=1 𝛼𝑖

)
O

(∑𝑀
𝑖=1 𝑛𝑖

)
O

(∑𝑀
𝑖=1 𝛼𝑖

)
+ O (𝑄𝑁/𝐵) O

(∑𝑀
𝑖=1 𝑛𝑖 + T′𝑄

)

Here, G 𝑗 is the gradient of the 𝑗-th sample/tuple, and G is
the averaged gradient over a batch. 𝐵 refers to the batch size.
For SGD, we perturb ∇𝜃𝑖𝐹 (𝑇𝑖), by performing per-sample
gradient Clip in Eq. 18 with G 𝑗 = 𝜕ℓ

𝜕𝜃𝑖
+ 𝛽

𝜕R𝑖
𝜕𝜃𝑖

and adding
noise N . For ADMM, we directly perform the formula of G
while computing the gradient of the 𝜃

𝑞

𝑖
-update optimization

problem (Eq. 22).

4.4 Feature Transformations

In TablePuppet, feature preprocessing depends on how
the data is partitioned across clients: for join-only (VFL-
like) scenarios where each client holds a disjoint set of
features, transformations such as binning, encoding, and
scaling can be applied independently and thus locally in
each client, following standard centralized ML methods. For
UCQ scenarios where clients hold different tuples of the
same features, we employ a server-coordinated federated
preprocessing approach as follows:

Feature binning. Each client computes local histogram or
quantile statistics for its data and sends encrypted summaries
to the server. The server aggregates these to derive global
bin boundaries, which are then broadcast back to all clients.
Clients apply these unified thresholds to discretize their local
data consistently.

One-hot encoding. Clients identify local categorical
values and submit encrypted or hashed versions to the server.
The server constructs a global category-to-index mapping
(e.g., "US": 0, "UK": 1) by merging all reported values,
and distributes this mapping to clients. Each client then
performs one-hot encoding using this shared schema.

Feature scaling. Clients compute local summary statis-
tics (e.g., mean, std, min, max) and securely send them to
the server. The server computes global statistics (e.g., via
weighted averaging based on sample counts), and returns
the unified scaling parameters. Clients apply these globally
consistent rules for normalization or standardization.

This preprocessing phase ensures that all clients operate
on aligned feature spaces, enabling correct gradient computa-
tion and model convergence during distributed training.

5 Complexity Analysis

Table 6 summarizes the computation and communication com-
plexity of the SGD/ADMM algorithms atop TablePuppet,
in comparison with VFL methods (VFL-SGD and VFL-
ADMM), which are hypothetically assumed to run on the
vertical partitions of the fully joined table. For simplicity, we
omit the complexity analysis of the table-mapping mechanism
in Table 6. We also represent the computation/communication
complexity in terms of the tuple number (e.g., 𝑁 and 𝑛𝑖),
since other parameters, such as feature dimension (e.g., 𝑑𝑖),
are correlated with the tuple number.

5.1 Join-Only Scenario

In this scenario, each table is owned by one client without
horizontal partitions. Below we analyze the complexity of
VFL-SGD, VFL-ADMM, as well as our TP-Join-SGD and
TP-Join-ADMM.

Computation complexity. The server-side computation
complexity is O(𝑁) per epoch for the four algorithms, since
they all perform computation on the mapped model predic-
tions with 𝑁 tuples. The computation complexity of each
client is O(𝑁) for VFL-SGD and VFL-ADMM, since they
compute on vertical partitions of the joined table. Our TP-
Join-SGD and TP-Join-ADMM reduce the computation com-
plexity to O(𝛼𝑖) and O(𝑛𝑖), respectively, where 𝛼𝑖 ∈ [𝑛𝑖 , 𝑁]
(Section 3.1.3).

Communication complexity. VFL-SGD and TP-Join-
SGD split the joined table into multiple batches with batch
size of 𝐵 and gather/scatter model predictions/gradients for
every batch. Therefore, the number of communication rounds
is 𝑁/𝐵 per epoch. The corresponding cost between the server
and all clients is 𝑂 (𝑀𝑁) per epoch for VFL-SGD and is
reduced to O(∑𝑀

𝑖=1 𝛼𝑖) for TP-Join-SGD. In contrast, VFL-
ADMM and TP-Join-ADMM decouple the ML training prob-
lem into sub-problems and solve each sub-problem in each
client. Thus, they only need to gather/scatter model predic-
tions/variables once per epoch between the server and clients,
introducing O(1) communication rounds. However, VFL-
ADMM still suffers from O(𝑀𝑁) communication cost per
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epoch, while our TP-Join-ADMM reduces it to O(∑𝑀
𝑖=1 𝑛𝑖)

(Section 3.1.3).

5.2 Join-Union (UCQ) Scenario

Each table can have multiple horizontal tables and each
client owns a horizontal table. Below we only analyze the
complexity of our TP-UCQ-SGD and TP-UCQ-ADMM,
as existing state-of-the-art approaches do not support this
scenario.

Computation complexity. In the outer loop of the train-
ing process, the computation complexity of the server is
O(𝑁), as it computes on the logical joined table. In the
inner loop, the server acts as the coordinator of the clients
to perform coordinator-side SGD/ADMM computation. For
TP-UCQ-SGD, the coordinator-side computation complexity
is O(1), which is repeated 𝑁/𝐵 times per epoch, leading
to computation complexity of O(𝑀𝑁/𝐵) for all the 𝑀 ta-
bles. On average, the client-side computation complexity
is O (𝛼𝑖/|𝑄𝑖 |). For TP-UCQ-ADMM, the coordinator-side
computation complexity is also O(1) but is repeated T ′
times per epoch, leading to O (𝑀T ′) for all the 𝑀 tables.
The corresponding client-side computation complexity is
O

(
T ′𝑛𝑞

𝑖

)
.

Communication complexity. In the outer loop of the
training process, the server has the same number of commu-
nication rounds and cost as that in the join-only scenario; in
the inner loop, the server (coordinator) needs to gather/scatter
variables from clients. For TP-UCQ-SGD, there is only one
communication round for each inner loop, leading to O (𝑄)
communication cost between the server and the 𝑄 clients.
Since there are 𝑁/𝐵 outer loops, the total communication
cost of TP-UCQ-SGD is O(∑𝑀

𝑖=1 𝛼𝑖) + O (𝑄𝑁/𝐵). For TP-
UCQ-ADMM, the number of communication rounds is T ′
for each inner loop, leading to O (T ′𝑄) communication cost
between the server and the 𝑄 clients. Since there is only
one outer loop per epoch, its total communication cost is
O

(∑𝑀
𝑖=1 𝑛𝑖 + T ′𝑄

)
.

6 Evaluation

We study the effectiveness and efficiency of TablePuppet, by
evaluating model accuracy and performance of SGD/ADMM
implemented atop TablePuppet and comparing against state-
of-the-art approaches in diverse scenarios. These scenarios
include join-only/join-union, non-DP/DP, as well as different
ML models on a variety of datasets. Below we summarize
our evaluation methodology and main results:

(1) Effectiveness (model accuracy). We regard directly
training centralized ML models on the fully joined table as
baselines, and compare SGD/ADMM atop TablePuppet

Table 7 The datasets and ML models used in the evaluation, where
15% of each dataset is used for model testing.

Dataset (ML Model) #Table #Tuple #Feature

MIMIC-III (NN) 5 [35K, 2.9M] [2, 717]
Yelp (BERT-Softmax) 3 [35K, 3.2M] [3, 775]
MovieLens-1M (Linear) 3 [6K, 0.9M] [4, 52]
MovieLens-1M (NN) 3 [6K, 0.9M] [4, 52]

with these baselines in terms of model accuracy. The ex-
periments show that SGD/ADMM atop TablePuppet can
achieve comparable model accuracy to the baselines in
both join-only and join-union scenarios. Additionally, our
SGD/ADMM algorithms converge faster than existing GD-
based algorithms employed in factorized approaches. With
privacy guarantees, SGD/ADMM atop TablePuppet suffers
from up to 4.5% lower model accuracy than the baselines due
to the noises injected into data labels and model training.

(2) Efficiency (communication/computation/training
time). Since communication is the primary bottleneck in dis-
tributed environments [71,60], our evaluation mainly focuses
on the trade-off between model accuracy and communication
time for the SGD/ADMM algorithms atop TablePuppet. We
also report the model accuracy vs. computation/training time.
Compared to the state-of-the-art VFL algorithms (i.e., VFL-
SGD/ADMM) in the join-only scenario, our SGD/ADMM
algorithms require less communication/computation/training
time to converge while achieving similar accuracy. In the join-
union scenario, we evaluate the efficiency of our SGD/ADMM
algorithms. We observe that ADMM is more communication-
efficient than SGD when implemented on top of TablePuppet,
converging to similar accuracy in less time.

6.1 Experimental Setup

6.1.1 Datasets and Models

We train four linear/NN (Neural Network) ML models on
three real-world datasets for both classification and regression
tasks, as summarized in Table 7.

(1) MIMIC-III: This is a healthcare dataset with 46K
patients admitted to ICUs at the BIDMC between 2001
and 2012 [3]. We leverage the scripts in MIMIC-III Bench-
marks [39,4] to extract five tables Patients, Admissions,
Stays, Diagnoses, and Events. We perform the decom-
pensation prediction task, which uses a neural network (NN)
model with 10 hidden layers of 16 neurons to predict whether
the patient’s health will rapidly deteriorate in the next 24
hours (with 0/1 label).

(2) Yelp: This Yelp dataset contains three core tables
business, review, and user [5]. The label column is stars
in the review table, denoting the user ratings of 1 to 5 for
businesses. To be simple, we only use the tuples of restaurants
in the business table, and we obtain 3.2M reviews and
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Table 8 Latency and bandwidth among our AWS cloud instances

Regions Latency Bandwidth

US-East↔ US-West 63 ms 60.0 MB/s
US-West↔ EU 153 ms 26.2 MB/s
US-East↔ EU 110 ms 33.8 MB/s

ratings from 1.2M users. We first use BERT [21] to extract
768-dimensional embeddings from review text and then use
softmax regression for classification.

(3) MovieLens-1M: This dataset contains 0.9M user
ratings on about 4K movies given by 6K users [1], with three
tables movies, ratings, and users. The label column is
rating, which denotes the user ratings of 1 to 5. We use both
linear regression (Linear) and neural network (NN) model
with a hidden layer of 16 neurons to predict the review score.
If a movie has multiple genres, there are multiple tuples for
this movie in the movies table.

All table schemas are available at our code repository.1
In the join-only scenario, each client owns a whole table. In
the join-union scenario, each table is further partitioned into
two horizontal shards, i.e., two clients for each table.

6.1.2 Experimental Settings

To analyze the performance of TablePuppet in a real-world
cloud environment, we implemented the framework on top of
Ray and evaluated it using real-world AWS cloud instances
in different regions, including US-East (Virginia), US-West
(Oregon), and EU (Stockholm). We launched one g5.8xlarge
instance in each region and distributed the tables among these
three instances. Each g5.8xlarge instance contains 32 vCPUs,
128GB RAM, and 1 NVIDIA A10G Tensor Core GPU. The
measured latency and bandwidth between these regions are
shown in Table 8.

6.1.3 Hyperparameters

We use grid search to tune hyperparameters, including the
learning rate 𝜂 for SGD and the penalty parameter 𝜌 for
ADMM. For each dataset, we run 10 epochs for SGD/ADMM.
We vary the 𝜂 of SGD from 0.01 to 0.5, and vary the 𝜌 of
ADMM from 0.1 to 2. We set the batch size for SGD as
10K, as small batch size can lead to many communication
rounds. In DP scenario, for model training with DP-SGD,
we set the (𝜖 , 𝛿)-DP by using 𝜖 = 1 and 𝛿 = 1𝑒-5 [8] with
clipping threshold 𝐶 = 1. For label DP, we set the Laplace
noise 𝜆 = 0.5, which results in 𝜖 = 5.6. This label DP level is
consistent with existing work that typically sets 𝜖 between 3
and 8 [59,31]. We leverage PyTorch’s DP tool, Opacus [90],
to implement the DP and calculate the privacy budget.

1 Our code is available at https://github.com/JerryLead/TablePuppet.

6.2 Effectiveness of TablePuppet

6.2.1 Baselines

As LRT is to train ML models on the UCQ result, we regard
directly training ML models on the fully joined table as
baselines. To obtain the baseline accuracy, we use SGD
to train ML models on the joined table without privacy
guarantees (shown as centralized in Figures 5 and 6). The
model accuracy refers to test accuracy (higher is better)
for classification models and test root mean square error
(RMSE, lower is better) for regression models. We compare
the model accuracy of SGD/ADMM atop TablePuppetwith
the baselines and state-of-the-art approaches, including GD-
based algorithms and VFL algorithms (VFL-SGD/ADMM)
that are forced to run directly on the vertical partitions of the
joined table.

For the join-only scenario, we adopt two representative
VFL algorithms as baselines. (1) VFL-SGD: This follows the
method used in FDML [42] and VAFL [17], two representative
VFL frameworks [56]. (2) VFL-ADMM: This follows the
method proposed by VIMADMM [83], another representative
VFL framework [56].

6.2.2 Results without Privacy Guarantee

Figure 5 shows the convergence rates of different SGD/ADMM
algorithms without privacy guarantees. In this non-DP sce-
nario, all algorithms atop TablePuppet can converge to
model accuracy comparable to the baselines, which demon-
strates the effectiveness of TablePuppet. Our SGD/ADMM
algorithms also converge faster than GD-based algorithms
used by factorized approaches for ML over joins.

For SGD algorithms, the convergence curve of TP-UCQ-
SGD is similar to that of TP-Join-SGD, because they share
the same gradient computation—the computation results of
Eq. 17 and 18 of TP-UCQ-SGD are the same as Eq. 12 of
TP-Join-SGD. Moreover, both of them exhibit comparable
convergence rate to VFL-SGD, showcasing the effectiveness
of our computational/communication optimization on SGD.
Compared to ADMM, SGD converges faster in most cases,
because SGD updates the local models much more frequently
than ADMM in each epoch. For example, on the Yelp dataset,
SGD updates local models 320 times (i.e., the number of
batches) per epoch, whereas ADMM only updates the lo-
cal model once per epoch (by completely solving the local
optimization problem in each client). However, with more
model updates, SGD requires more communication rounds
than ADMM, leading to longer communication time and thus
longer training time per epoch (Section 6.3).

Regarding ADMM algorithms, TP-Join-ADMM achieves
a similar convergence rate to VFL-ADMM. This reveals that
the computation/communication optimization used by TP-
Join-ADMM is effective and does not affect the convergence

https://github.com/JerryLead/TablePuppet
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Fig. 5 The convergence rates of different algorithms for join-only and join-union scenarios without privacy guarantees.
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Fig. 6 The convergence rates of different algorithms for join-only and join-union scenarios with privacy guarantees. Here, centralized refers to the
non-DP baselines for measuring the accuracy gap between non-DP and DP results.

of ADMM. Moreover, TP-UCQ-ADMM also demonstrated
comparable model accuracy to TP-Join-ADMM, indicating
that our paradigm of learning over unions is also effective.

6.2.3 Results with Privacy Guarantee

By introducing DP to both labels and model training in
TablePuppet, the model accuracy of SGD/ADMM drops
compared to the non-DP centralized baselines (Figure 6).
Taking TP-Join-SGD for example, the test accuracy drops
by 7.2 points for Yelp-BERT-Softmax, while the test RMSE
slightly increases by 0.05 for MovieLens-Linear and 0.02 for
MovieLens-NN. However, while model accuracy drops, these
algorithms gain on privacy protection against feature and
label leakages. In this DP scenario, we can still observe that
all algorithms atop TablePuppet can converge to similar
model accuracy. Specifically, SGD algorithms exhibit the
fastest convergence in most cases due to the largest number
of local model updates per epoch.

6.3 Efficiency of TablePuppet

6.3.1 Baselines

We consider VFL algorithms (VFL-SGD and VFL-ADMM)
as the baselines, because they are well-suited for distributed
environments and converge faster than GD-based algorithms.
We first compare our SGD/ADMM algorithms (TP-Join-
SGD and TP-Join-ADMM) with the baselines in the join-
only scenario. We next evaluate our SGD/ADMM algorithms
(TP-UCQ-SGD and TP-UCQ-ADMM) in the join-union
scenario, since only TablePuppet supports this use case.
The efficiency is measured using model accuracy vs. commu-
nication/computation/training time. The server is located in
US-East, and clients are distributed across US-West, US-East,
and EU. We next report experimental results for the non-DP
scenario, as we observe similar results in the DP setting.
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Fig. 7 The model accuracy vs. communication time for join-only scenario.

0 15 30 45 60 75 90 105 120

80

85

90

95

T
es

t
A

cc
u

ra
cy

MIMIC-III-NN (SGD)

0 8 16 24 32 40 48 56 64 72 80
32

40

48

56

64

T
es

t
A

cc
u

ra
cy

Yelp-BERT-Softmax (SGD)

0 6 12 18 24 30 36 42 48 54 60

1

2

3

4

T
es

t
R

M
S

E

MovieLens-1M-Linear (SGD)

0 6 12 18 24 30 36 42 48 54 60

1

2

3

4

T
es

t
R

M
S

E

MovieLens-1M-NN (SGD)

0 80 160 240 320 400 480 560 640 720 800
Computation Time (seconds)

80

85

90

95

T
es

t
A

cc
u

ra
cy

MIMIC-III-NN (ADMM)

0 50 100 150 200 250 300 350 400 450 500
Computation Time (seconds)

32

40

48

56

64

T
es

t
A

cc
u

ra
cy

Yelp-BERT-Softmax (ADMM)

0 40 80 120 160 200 240 280 320 360 400
Computation Time (seconds)

1

2

3

4

T
es

t
R

M
S

E

MovieLens-1M-Linear (ADMM)

0 40 80 120 160 200 240 280 320 360 400
Computation Time (seconds)

1

2

3

4

T
es

t
R

M
S

E

MovieLens-1M-NN (ADMM)

VFL-SGD TP-Join-SGD VFL-ADMM TP-Join-ADMM

Fig. 8 The model accuracy vs. computation time for join-only scenario.
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Fig. 9 The model accuracy vs. training time for join-only scenario.

6.3.2 Results of Join-Only Scenario

Figure 7, 8, and 9 illustrate the model accuracy vs. communi-
cation/computation/training time, respectively. The training
time refers to the per-epoch training time, including both com-
munication and computation time. Each point in the figure
represents the test accuracy/RMSE after one epoch. Note that
VFL-SGD and TP-Join-SGD results are not fully plotted
in the figure, due to the long communication/training time
caused by too many communication rounds per epoch. For
example, for the MIMIC-III dataset with 2.9M tuples, VFL-
SGD suffers from 290 communication rounds per epoch,

leading to extremely long communication time (>1,000 sec-
onds for just three epochs) that exceeds the boundary of the
horizontal axis range. The high communication time arises
not only from data volume but also from the multiplicative
effect of network latency and the number of rounds: even
small per-round latency accumulates significantly when mul-
tiplied by hundreds of rounds. Our TP-Join-SGD requires
less communication time than VFL-SGD, but still longer
time than ADMM algorithms due to more communication
rounds. In more detail, VFL-ADMM requires ∼75s commu-
nication time per epoch, while our TP-Join-ADMM only
requires 10s. As another example of MovieLens-1M, our
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TP-Join-ADMM converges with 4-5× less communication
time than VFL-ADMM, owing to the communication reduc-
tion on duplicate tuples as described in Section 3.1.3. The
above results are consistent with the complexity analysis in
Section 5, where VFL-ADMM outperforms VFL-SGD due
to fewer communication rounds and our TP-Join-ADMM
further outperforms VFL-ADMM due to less communication
cost.

Similar trends are observed in model accuracy vs. compu-
tation/training time, which demonstrates that our optimiza-
tions in TablePuppet are effective not only in reducing
communication cost but also in improving computational ef-
ficiency. Despite having shorter per-epoch computation time
than ADMM, SGD-based methods exhibit longer per-epoch
training time overall, because the high communication rounds
and associated latency dominate the total time. Thus, even
with faster local computation, the communication bottleneck
prevents SGD from converging efficiently.

6.3.3 Results of Join-Union Scenario

Figure 10 presents the model accuracy vs. communication
time and Figure 11 presents the model accuracy vs. training
time. Although TP-UCQ-SGD exhibits a faster convergence
rate in terms of the number of epochs (Section 6.2), TP-
UCQ-ADMM still takes less communication/training time
than TP-UCQ-SGD to converge. The reason is similar to that
of the join-only scenario, i.e., TP-UCQ-SGD requires more
communication rounds due to per-batch communication.

In comparison with the results in the join-only scenario,
SGD/ADMM algorithms for the join-union scenario require
more communication time per epoch to communicate inner-
loop computation results from LoU, such as the partial gradi-
ents of SGD and the auxiliary variables of ADMM. Although
for LoJ the size of the inner-loop computation results is nor-
mally smaller than that of the outer-loop computation results,
the extra inner-loop computation increases both the number
of communication rounds and the communication cost per
epoch. The corresponding complexity has been analyzed
in Section 5, where TP-UCQ-SGD and TP-UCQ-ADMM
require extra O(𝑄𝑁/𝐵) and O(T ′𝑄) communication cost in
the inner loop. In summary, TP-Join-ADMM and TP-UCQ-
ADMM outperform the counterparts in terms of per-epoch
communication/training time.

7 Related Work

ML over Joins. Given the central role of relational data
in enterprise data management, ML over joins has been ex-
tensively studied for years in the database community [76,
75,50,16]. The primary solution has centered around fac-
torized approaches, namely factorized learning or learning
over factorized joins [74,75,50,16]. However, as discussed in

Section 2.3.1, these approaches have three limitations. First,
these methods primarily focus on joins in a single database
and overlook the communication overhead in distributed en-
vironments. The LRT problem extends the scope of ML over
joins to accommodate distributed settings. Second, factorized
approaches are typically restricted to specific models, such
as generalized linear models or matrix factorization, and lack
support for non-linear models such as deep neural networks.
In contrast, our work is not limited to specific model types.
Finally, most existing approaches rely on gradient descent
(GD), while our framework supports (mini-batch) SGD and
ADMM, which converge faster than GD and are well-suited
for distributed environments.
Federated Learning (FL). FL is a privacy-preserving tech-
nique for collaboratively training ML models across decen-
tralized clients. Based on different types of data partitioning,
existing surveys [88,56] classify FL into horizontal FL, verti-
cal FL, and federated transfer learning (FTL). Section 2.3.2
discussed horizontal and vertical FL, while FTL focuses
on model transfer between clients using overlapping data
samples and features [54,70,18]. A recent addition is hybrid
FL [93,65] where data can be partitioned both horizontally
and vertically; however, existing hybrid FL work either re-
quires overlapping samples/features like FTL [93] or does
not support non-convex models like neural network [65].
Moreover, current FL solutions assume that the decentralized
data tables can be simply one-to-one aligned, while the LRT
problem studied in this paper targets (distributed) relational
tables that require joins and unions. FL traditionally employs
one specific training algorithm such as SGD, ADMM, block
coordinate descent (BCD) [55], or gradient-boosted deci-
sion trees (GBDT) for tree-based models [28,82,37]. Our
TablePuppet currently supports both SGD and ADMM, and
we plan to extend it for more types of training algorithms in
future work. In Appendix C, we detail the comparison with
tree-based models and further discuss the potential extensions
of TablePuppet.

While TablePuppet can handle joins and unions effec-
tively, addressing complex scenarios, such as evolving data
distributions or schema heterogeneity, could benefit from
insights in existing FL work. For example, FedNova [81],
SCAFFOLD [44], and pFedMe [22] propose strategies to
address heterogeneity in horizontal FL by normalizing up-
dates, correcting client-drift, or personalizing models, offer-
ing promising directions for future optimization. Additionally,
to improve communication efficiency, we can also explore how
to leverage asynchronous or other communication-efficient
model update protocols from existing FL research [27,84,53,
36,58].
Privacy Guarantee. Unlike traditional HFL/VFL, where
only features or labels are distributed across clients, in LRT
both features and labels are distributed, requiring more ad-
vanced differential privacy (DP) methods to protect them
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Fig. 10 The model accuracy vs. communication time for join-union scenario.
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Fig. 11 The model accuracy vs. training time for join-union scenario.

simultaneously. To address this, TablePuppet currently uses
separate label-level DP and DP-SGD to flexibly safeguard
features and labels to accommodate different scenarios as
described in Section 4.3. It remains interesting to incorporate
other advanced label-level DP mechanisms [59,31], such
as post-processing the model predictions through Bayesian
inference, into TablePuppet. Moreover, cryptographic tech-
niques like homomorphic encryption [69,32] and secure
multiparty computation [10,11] can also be potentially inte-
grated into TablePuppet to enhance its privacy guarantee,
albeit with increased computation overhead.

Relation Learning. Several works have explored learning
rules or relations from relational data, rather than training
traditional machine learning models. QuickFOIL [91] learns
first-order rules (e.g., Datalog rules) through an optimized
inductive logic programming (ILP) approach. It also leverages
in-RDBMS computation to minimize join overhead and scale
to large datasets. Schema Independent Relation Learning
[66] introduces Castor, a framework that ensures consistent
rule-learning outcomes across schema transformations by
utilizing data dependencies. While these systems focus on
rule induction, they address challenges in handling complex
joins and schema variations. Castor’s schema independence
approach provides insights into building systems resilient to
schema changes, while QuickFOIL’s efficient join handling
highlights the benefits of pushing computation closer to the
data source. These strategies could inspire TablePuppet
to further enhance its robustness to dynamic schemas and
optimize join computations.

Data Discovery Approaches. Data discovery systems [72,
26,96,33,86,14,24,63] aim to identify and integrate relevant
datasets from large repositories, often through join or union
paths, to enrich a base dataset for downstream analytical
tasks such as machine learning. Among these, goal-oriented

approaches like METAM [29] enables more targeted and
efficient data composition by explicitly modeling the utility of
each potential augmentation with respect to a specific analyti-
cal objective. While TablePuppet focuses on optimizing ML
training over a given relational schema, we see data discovery
techniques as a promising direction for future integration. In
complex environments such as data lakes, where tables and
relationships are numerous and heterogeneous, data discovery
methods can serve as an intelligent upstream module to auto-
matically recommend relevant tables and join/union paths that
form the underlying Union of Conjunctive Queries (UCQ).
This would allow TablePuppet to operate on high-quality,
task-specific data compositions without requiring users to
manually specify the schema. We believe combining these
two lines of work could enable a holistic pipeline from intelli-
gent data identification to optimized and privacy-preserving
model training, extending the applicability of TablePuppet
to real-world and large-scale relational settings.

8 Discussion and Future Work

Join and Union Schemas. Although our experiments pri-
marily utilize the common star schema, TablePuppet is
designed to be agnostic to other join schemas, including chain
and snowflake schemas. Regardless of the schema, the UCQ
result is represented as a large joined table 𝑋 , composed of
vertical tables 𝑋𝑖 . TablePuppet employs a table-mapping
mechanism to construct this virtual joined table and efficiently
push ML computation down to the individual vertical tables.
While different schemas may influence the number of dupli-
cate tuples in each table, they do not affect the framework’s
functionality, such as processes of LoJ and LoU. For union
schemas, we assume that all horizontal tables share the same
schema, a typical scenario in distributed environments (e.g.,
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across cloud instances or regions). Handling horizontal tables
with different schemas (e.g., tables from different banks)
presents a more complex scenario and is left for future work.
To address this problem in the current framework, these
tables can be combined under an “umbrella” schema that
includes all columns, resulting in sparse features for ML
models. While feasible, this approach may impact model
accuracy, highlighting the need for more advanced solutions
in future research.

Non-IID Data Distributions. One issue with joining multiple
tables is that some entities (e.g. orders) may appear multiple
times in the joined table, causing them to be overrepresented
and potentially introducing bias into the model. This problem
is well recognized in statistical relational learning [30,67].
In our settings, a simple way to address this is to reduce
the weights of tuples linked to frequently occurring entities.
Another option is to reduce their influence during training
by dividing their gradients by the number of times they ap-
pear (e.g., |𝐺𝑖 ( 𝑗) |). Whether such adjustments are necessary
depends on the situation. For instance, if an entity appears
frequently because it is genuinely more important (e.g., a
high-value customer with many orders), it makes sense for
the model to give it more weight. However, in cases where
frequent repetition skews the results, these adjustments can
help reduce bias. Although TablePuppet has the flexibility
to apply these techniques during the LoJ or LoU stages, a
thorough evaluation of their effectiveness and integration
with advanced relational learning methods remains an area
of future work.

Full-Join ML vs. Non-Join ML. While recent work such
as Kumar et al. [51] identify specific scenarios where joins
can be “safely avoided” for efficiency, namely “non-join ML”,
they also acknowledge that avoiding joins is not always safe
and can lead to a decrease in model accuracy. Moreover,
non-join ML only applies to key-foreign-key joins and cannot
handle more complex patterns such as many-to-many joins.
For a generic framework such as TablePuppet, it is essential
to support all scenarios where the full set of features from
the joined tables is indispensable for optimal model accuracy.
Furthermore, complex models like Neural Networks benefit
significantly from rich, high-dimensional feature spaces (more
features from joined tables), which may not be adequately
captured by simple foreign key embeddings used in [51].
Additionally, metrics such as Risk of Representation (ROR)
and tuple ratios (TR) used to determine whether joins can
be safely avoided in [51], require global knowledge of the
joined tables. In distributed and federated learning settings,
obtaining this global knowledge is often infeasible or incurs
prohibitive communication and computational costs due to
privacy constraints and data distribution issues. Despite these
challenges, investigating how to incorporate non-join ML
concepts into TablePuppet offers a promising direction for

future work. Specifically, integrating rule-based strategies
into the table-mapping stage could enable intelligent decisions
about which tables truly require joining, potentially reducing
computation/communication overhead in certain scenarios.

Join with Sub-queries. In addition to join between two base
tables, TablePuppet also supports join of a base table with
an aggregated sub-query, as clients can locally aggregate data
before sending the join keys for table mapping. We leave the
exploration of join with other types of sub-queries [46] as
one interesting direction for future work.

Sampling-Based Training. In large-scale data analytics,
sampling over joins has become an essential technique for
efficiently handling massive datasets. Rather than computing
the full result of the join, sampling methods create a repre-
sentative subset of the data, which is particularly useful for
analytical queries. Techniques such as uniform sampling [15,
94], reservoir sampling [20], and weighted sampling [78]
have shown significant efficiency improvements, especially for
acyclic and cyclic joins, by leveraging advanced indexing and
dynamic updates to simplify the sampling process. Although
TablePuppet currently trains ML models directly on the full
UCQ result to ensure accuracy, exploring sampling-based
methods in the future can speed up training for large-scale
datasets. This can achieve a balance between higher perfor-
mance and maintaining model accuracy.

Performance Bottleneck. TablePuppet adopts a client-
server architecture, where the server may become a perfor-
mance bottleneck under heavy workloads. To address this
concern, we outline several practical strategies to mitigate
server-side overhead. First, we could explore adopting closed-
form or second-order methods for ADMM’s 𝑧-update to
reduce server-side computational overhead. Second, we can
leverage multi-threading technique to enable parallel aggre-
gation and distribution of communicated variables. Third, in
multi-user scenarios, deploying multiple server instances for
independent tasks would effectively distribute the load. Addi-
tionally, as mentioned in related work, sampling techniques
can help reduce both communication and computation costs.
These strategies collectively represent promising directions to
alleviate performance bottlenecks in practical deployments.

Fine-Tuning Approaches. We provide practical guidelines
for configuring and tuning hyperparameters in TablePuppet
to balance convergence rate, communication cost, and compu-
tational efficiency. For SGD, the number of communication
rounds per epoch is equal to the ratio of the joined table size
to the batch size. Thus, a larger batch size reduces communi-
cation rounds/time but may slow down the convergence. We
recommend using a medium batch size such as 1/100 of the
joined table size, as that in the VFL framework of VAFL [17].
In future work, we can explore dynamically adjusting the
batch size based on runtime communication time to better
balance the convergence rate and communication time. For
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ADMM, the communication per epoch is fixed at one round
in the join-only scenario, so tuning for communication is un-
necessary. In the join-union scenario, ADMM involves inner
rounds of communication among clients holding horizontal
partitions of the same table. We set the maximum of the inner
rounds to 10, as ADMM usually converges within 10 epochs,
also verified in the VFL framework of VIMADMM [83].
However, users can lower this value to reduce communication
time if the trained model is simple.

9 Conclusion

In this paper, we formalized the problem of learning over
relational tables (LRT) as learning over unions of conjunctive
queries (UCQ). Our formulation generalizes the problem
of ML over joins and federated learning. To address the
LRT problem, we presented TablePuppet, a two-step de-
composition framework that can push two widely-used ML
training algorithms, SGD and ADMM, down to individual
relational tables, with both performance optimization and
privacy guarantees. Our implementation of TablePuppet
leverages a server-client architecture with three abstracted
high-level operators, unifying the design and implementation
of SGD and ADMM algorithms. The SGD/ADMM algo-
rithms implemented atop TablePuppet can achieve model
accuracy comparable to the strongest centralized baselines
while outperforming existing state-of-the-art methods in terms
of communication/training time.
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A ADMM: Problem decomposition details

Different from SGD, ADMM aims to decompose the global optimization problem of Eq. 2 into multiple sub-problems, as independent optimization problems.
To achieve this, we follow the sharing ADMM paradigm to rewrite Eq. 2 to the following Eq. 27, by introducing auxiliary variables 𝑧 = {𝑧 𝑗 }𝑁𝑗=1 where
𝑧 𝑗 ∈ R𝑑𝑐 :

minimize
1
𝑁

𝑁∑︁
𝑗=1
ℓ

(
𝑧 𝑗 ; 𝑦 𝑗

)
+ 𝛽

𝑀∑︁
𝑖=1
R𝑖 (𝜃𝑖 ) , (27)

subject to
𝑀∑︁
𝑖=1
ℎ𝑖, 𝑗 − 𝑧 𝑗 = 0, ∀ 𝑗 ∈ [𝑁 ], ℎ𝑖, 𝑗 = 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) .

We then add a quadratic term to the Lagrangian of Eq. 27, which results in Eq. 28 and is known as augmented Lagrangian. Here, {𝜆 𝑗 }𝑁𝑗=1 are dual
variables and 𝜆 𝑗 ∈ R𝑑𝑐 .

min L
(
𝜃𝑖 , 𝑧 𝑗 , 𝜆 𝑗

)
=

1
𝑁

𝑁∑︁
𝑗=1
ℓ

(
𝑧 𝑗 ; 𝑦 𝑗

)
+ 𝛽

𝑀∑︁
𝑖=1
R𝑖 (𝜃𝑖 )

+ 1
𝑁

𝑁∑︁
𝑗=1
𝜆⊤𝑗

(
𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗

)

+ 𝜌

2𝑁

𝑁∑︁
𝑗=1






 𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗






2

. (28)

To simplify notation, we define residual variables {𝑠𝑖, 𝑗 }𝑖∈ [𝑀 ], 𝑗∈ [𝑁 ] for each table 𝑇𝑖 as follows, where 𝑠𝑖, 𝑗 ∈ R𝑑𝑐 :

𝑠𝑖, 𝑗 =

𝑀∑︁
𝑘=1,𝑘≠𝑖

𝑓𝑖 (𝜃𝑘 ;𝑇𝑘,𝑝𝑘 ( 𝑗) ) − 𝑧 𝑗 . (29)

Given the optimization problem of Eq. 28 as follows, we next detail how to leverage Alternating Direction Method of Multipliers (ADMM) to decompose
this problem to sub-problems.

min L
(
𝜃𝑖 , 𝑧 𝑗 , 𝜆 𝑗

)
=

1
𝑁

𝑁∑︁
𝑗=1
ℓ

(
𝑧 𝑗 ; 𝑦 𝑗

)
+ 𝛽

𝑀∑︁
𝑖=1
R𝑖 (𝜃𝑖 ) +

1
𝑁

𝑁∑︁
𝑗=1
𝜆⊤𝑗

(
𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗

)
+ 𝜌

2𝑁

𝑁∑︁
𝑗=1






 𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗






2

To be simple, we first define residual variables {𝑠𝑖, 𝑗 }𝑖∈ [𝑀 ], 𝑗∈ [𝑁 ] for each table 𝑇𝑖 as 𝑠𝑡
𝑖, 𝑗

=
∑𝑀

𝑘=1,𝑘≠𝑖 𝑓𝑖 (𝜃 𝑡𝑘 ;𝑇𝑘,𝑝𝑘 ( 𝑗) ) − 𝑧
𝑡
𝑗

and 𝑠𝑡
𝑖, 𝑗
∈ R𝑑𝑐 . We then

apply ADMM and obtain following sub-problems (three updates), including client-side 𝜃-update and server-side 𝑧-update and 𝜆-update. Here, 𝑎𝑡 refers to the
value of 𝑎 in the 𝑡-th epoch, while 𝑧 𝑗 ∈ R𝑑𝑐 and 𝜆 𝑗 ∈ R𝑑𝑐 .

𝜃 𝑡+1
𝑖 := argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

[
𝜆𝑡⊤𝑗 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2




𝑠𝑡𝑖, 𝑗 + 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )


2
]ª®¬ (30)

𝑧𝑡+1
𝑗 := argmin

𝑧 𝑗

©­«ℓ
(
𝑧 𝑗 ; 𝑦 𝑗

)
− 𝜆𝑡⊤𝑗 𝑧 𝑗 +

𝜌

2






 𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡+1
𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗






2ª®¬ (31)

𝜆𝑡+1
𝑗 := 𝜆𝑡𝑗 + 𝜌

(
𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡+1
𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧

𝑡+1
𝑗

)
(32)

To simplify the notations and algorithm description, we use 𝑧𝑡
𝑗
-update and 𝜆𝑡

𝑗
-update instead of 𝑧𝑡+1

𝑗
-update and 𝜆𝑡+1

𝑗
-update, and move them before

𝜃 𝑡+1
𝑖

-update as they are executed in the 𝑡-th epoch. The resulting equations are as follows and are equivalent to the above equations.

𝑧𝑡𝑗 := argmin
𝑧 𝑗

©­«ℓ
(
𝑧 𝑗 ; 𝑦 𝑗

)
−

(
𝜆𝑡−1
𝑗

)⊤
𝑧 𝑗 +

𝜌

2






 𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧 𝑗






2ª®¬ (33)

𝜆𝑡𝑗 := 𝜆𝑡−1
𝑗 + 𝜌

(
𝑀∑︁
𝑖=1

𝑓𝑖 (𝜃 𝑡𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) − 𝑧
𝑡
𝑗

)
(34)

𝜃 𝑡+1
𝑖 := argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

[
𝜆𝑡⊤𝑗 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2




𝑠𝑡𝑖, 𝑗 + 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )


2
]ª®¬ (35)
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B ADMM: Details of computation and communication reduction

B.1 Computation reduction

For our table mapping, recall that the tuple number of 𝑋𝑖 is 𝑁 , the tuple number of 𝑇𝑖 is 𝑛𝑖 , and 𝑋𝑖, 𝑗 (the 𝑗-th tuple of 𝑋𝑖) comes from 𝑇𝑖,𝑝𝑖 ( 𝑗) . In reverse,
𝑇𝑖, 𝑗 (the 𝑗-th tuple of 𝑇𝑖) can be mapped to multiple tuples in 𝑋𝑖 , and we refer to the index set of these tuples as𝐺𝑖 ( 𝑗 ) . |𝐺𝑖 ( 𝑗 ) | denotes the total tuple number
in the 𝐺𝑖 ( 𝑗 ) . Using 𝐺𝑖 ( 𝑗 ) , we can aggregate the weights of duplicated tuples, and then rewrite the 𝜃𝑖-update of Eq. 9 as follows, where ℎ𝑖, 𝑗 = 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 ) .

𝜃 𝑡+1
𝑖 := argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

[
𝜆𝑡⊤𝑗 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2




𝑠𝑡𝑖, 𝑗 + 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )


2
]ª®¬

= argmin
𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

[
𝜆𝑡⊤𝑗 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2




𝑠𝑡𝑖, 𝑗


2
+ 𝜌(𝑠𝑡𝑖, 𝑗 )

⊤ 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +
𝜌

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )

2

]ª®¬
= argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

[(
𝜆𝑡𝑗 + 𝜌𝑠

𝑡
𝑖, 𝑗

)⊤
𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )

2

]ª®¬
= argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑁∑︁
𝑗=1

(
𝜆𝑡𝑗 + 𝜌𝑠

𝑡
𝑖, 𝑗

)⊤
𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) ) +

𝜌

2𝑁

𝑁∑︁
𝑗=1



 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖,𝑝𝑖 ( 𝑗) )

2ª®¬
= argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑛𝑖∑︁
𝑗=1

©­«
∑︁

𝑔∈𝐺𝑖 ( 𝑗)
(𝜆𝑡𝑔 + 𝜌𝑠𝑡𝑖,𝑔 )

ª®¬
⊤

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 ) +
𝜌

2𝑁

𝑛𝑖∑︁
𝑗=1
|𝐺𝑖 ( 𝑗 ) |



 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

2ª®¬
= argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑛𝑖∑︁
𝑗=1

©­«
∑︁

𝑔∈𝐺𝑖 ( 𝑗)
(𝜆𝑡𝑔 + 𝜌𝑠𝑡𝑖,𝑔 )

ª®¬
⊤

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 ) +
𝜌 |𝐺𝑖 ( 𝑗 ) |

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

2

ª®¬ (36)

Now, for the 𝜃𝑖-update of each table 𝑇𝑖 , we have reduced the computation complexity from𝑂 (𝑁 ) (i.e.,
∑𝑁

𝑗=1) to𝑂 (𝑛𝑖 ) (i.e.,
∑𝑛𝑖

𝑗=1). We can use SGD to
solve the 𝜃𝑖-update problem of Eq. 36.

B.2 Communication reduction

Currently, to perform 𝜃𝑖-update of Eq. 36 in the client, the server needs to send 𝜆 ∈ R𝑁×𝑑𝑐 , 𝑠𝑖 ∈ R𝑁×𝑑𝑐 , and {𝐺𝑖 ( 𝑗 ) }𝑛𝑖𝑗=1 variables to the client that owns
𝑇𝑖 . Here, suppose 𝑇𝑖 is not horizontally split, the communication complexity is O(𝑁 ) between the server and each client. To reduce the communication, we
can aggregate these variables to be 𝑌𝑖 ∈ R𝑛𝑖×𝑑𝑐 and 𝐺𝑖 ∈ R𝑛𝑖 in the sever using the Eq. 37 and Eq. 38 as follows, and then send them to the client owns 𝑇𝑖 .
Recall that 𝐺𝑖 ( 𝑗 ) denotes 𝑇𝑖, 𝑗 appears in multiple positions (an index set) in 𝑋𝑖 after joins. Therefore, for each 𝑇𝑖, 𝑗 , 𝐺𝑖, 𝑗 = |𝐺𝑖 ( 𝑗 ) | denotes how many
times 𝑇𝑖, 𝑗 appears in 𝑋𝑖 after joins, while 𝑌𝑖, 𝑗 denotes the 𝑗-th element of the aggregation of 𝜆 and 𝑠𝑖 . Thus, the server also does not need to send the table
mapping information (i.e., 𝑝𝑖 ( 𝑗 )) to the clients.

𝑌 𝑡
𝑖, 𝑗 =

∑︁
𝑔∈𝐺𝑖 ( 𝑗)

(𝜆𝑡𝑔 + 𝜌𝑠𝑡𝑖,𝑔 ) 𝑗 = 1→ 𝑛𝑖 (37)

𝐺𝑖, 𝑗 = |𝐺𝑖 ( 𝑗 ) | 𝑗 = 1→ 𝑛𝑖 (38)

After that, we can rewrite the 𝜃𝑖-update of Eq. 36 as follows.

𝜃 𝑡+1
𝑖 := argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑛𝑖∑︁
𝑗=1

©­«
∑︁

𝑔∈𝐺𝑖 ( 𝑗)
(𝜆𝑡𝑔 + 𝜌𝑠𝑡𝑖,𝑔 )

ª®¬
⊤

𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 ) +
𝜌 |𝐺𝑖 ( 𝑗 ) |

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

2

ª®¬
= argmin

𝜃𝑖

©­«𝛽R𝑖 (𝜃𝑖 ) + 1
𝑁

𝑛𝑖∑︁
𝑗=1

[
(𝑌 𝑡

𝑖, 𝑗 )
⊤ 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 ) +

𝜌𝐺𝑖, 𝑗

2


 𝑓𝑖 (𝜃𝑖 ;𝑇𝑖, 𝑗 )

2

]ª®¬ (39)

After this communication reduction, the communication complexity between the server and the client drops from O(𝑁 ) to O(𝑛𝑖 ) .

C Comparison with tree-based models

We have tested tree-based models on our datasets using XGBoost, which is the accuracy baseline of tree-based VFL algorithms such as SecureBoost [19]. We
use grid search to tune the hyperparameters of tree-based models such as tree number, iteration number, and learning rate. As shown in Table 9, our approach
achieves higher accuracy on MIMIC-III and is comparable to XGBoost on Yelp and MovieLens-1M. Note that we use much larger datasets (exceeding
1 million rows) than that (maximum 50K rows) used in [34]. This result indicates that linear models and neural networks can be more competitive with
tree-based models on large datasets. In addition, neural networks is generally well-suited for scenarios involving unstructured data, such as text stored as
embeddings in relational tables.

As mentioned by the reviewer, extending TablePuppet to support tree-based models is a valuable direction. However, this introduces new architectural
and algorithmic challenges:
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Table 9 The accuracy comparison between tree-models and linear/NN models in TablePuppet.

Dataset Tree-models TablePuppet (Linear/NN)
MIMIC-III 95.1% 98.0%
Yelp 64.9% 64.7%
MovieLens-1M 1.10 (RMSE) 1.09 (RMSE)

(1) Effective distributed tree structure: We must devise an effective method to build and split trees across tables that are partitioned both vertically and
horizontally within a single framework. This is a non-trivial problem that goes beyond the scope of existing vertical or horizontal federated tree-based
models.

(2) Algorithmic incompatibility: Tree-based models such as GBDT rely on histogram-based split-finding, which is different from the gradient-based
aggregation used by our current SGD/ADMM optimization. To integrate tree-based models, we need to rethink our core operators to support secure and
efficient histogram aggregation over the results of complex join/union queries.

We will leave the solutions to these challenges as future work.
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