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Trading Continuous Queries
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Abstract—In the Big Data era, data trading significantly en-
hances data-driven decision-making by facilitating data sharing.
Streaming data from sources such as mobile devices and social
media platforms creates new opportunities and challenges for data
trading. Traditional data trading methods, designed for one-time
queries over static database snapshots, neglect the growing need for
trading continuous queries over streaming data. If applied directly
to continuous queries, existing methods often result in repeated and
imprecise charges that reduce the seller’s profit, as they do not con-
sider computation sharing during continuous query execution. To
address these challenges, we propose CQTrade, the first mechanism
for continuous query-based data trading, which incorporates com-
putation sharing in query execution and integrates seamlessly with
existing trading mechanisms. Our contributions are threefold: (1)
we provide a theoretical analysis of prevalent computation-sharing
techniques, including cost modeling and closed-form computation-
sharing strategy derivation; (2) we formulate a general optimiza-
tion problem to maximize the seller’s profit, adaptable to various
computation-sharing techniques; (3) we identify that our optimiza-
tion problem merges vector bin packing and multidimensional
knapsack challenges, and we tackle this complexity with a tailored
branch-and-price algorithm that decomposes the problem into a
masterproblem and multiple sub-problems, achieving a globally
optimal solution. Evaluation shows CQTrade improves trading suc-
cess rate by 12.8% and increases seller profit by 28.7% compared
to traditional methods.

Index Terms—Data trading, continuous query, online analytics,
computation sharing, branch-and-price algorithm.
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I. INTRODUCTION

A. Background and Motivation

DATA has become a key asset in data-driven decision-
making, particularly in areas such as machine learning [2].

This shift has accelerated the development of data trading mar-
kets [3]. Mobile devices, including smartphones, IoT sensors,
and wearables, continuously generate large volumes of stream-
ing data that offer valuable insights for real-time analytics [4]. To
enable the exchange of such valuable data, platforms like AWS
Data Exchange [5] and Xignite [6] have emerged to support
efficient data sharing. These platforms help strengthen machine
learning models by enabling access to diverse training data. In
2022, the global data trading market was valued at $968 million
and is projected to grow at an annual rate of 25% from 2023 to
2030 [7].

The rise of online analytics and machine learning has shifted
data trading from one-time queries to continuous query (CQ)-
based approaches. Modern applications increasingly rely on
continuous queries (CQs) for streaming data, particularly from
mobile devices, rather than traditional one-time queries over
static database snapshots [8], [9]. Unlike traditional queries
over static snapshots, CQs operate over streaming data and
provide ongoing updates. A continuous query aggregates data
over a moving time window defined by a range, and produces
results periodically based on a fixed slide interval [8], [9]. For
example, in stock trading, a CQ can monitor the highest price in
a 30-minute window and update results every 5 minutes. In IoT
systems, CQs can track average vehicle speed every 3 minutes
over a 15-minute range to support real-time traffic control. As
shown in Fig. 1, CQs also support online machine learning [10],
[11], [12], [13] by continuously feeding models with fresh data
to improve prediction accuracy and responsiveness.1

However, existing data trading methods are not directly ap-
plicable to data from continuous queries, as they are primarily
designed for one-time queries over static database snapshots. A
key limitation is the lack of computation sharing across time
windows and between queries, an essential feature for efficient
CQ execution [14]. Without this sharing, the system must repeat-
edly process overlapping data, leading to unnecessary charges,
lower seller profits, and inefficient data usage.

To demonstrate traditional data trading limitations, we present
an example where a stock monitoring system periodically

1Although our motivating examples focus on mobile-generated data streams,
the mechanism is broadly applicable to continuous queries over any streaming
data environment, such as industrial sensor networks, financial market data, and
social media platforms.
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Fig. 1. Online machine learning.

Fig. 2. Examples of continuous queries.

reports the latest highest stock price to two customers through
distinct queries, each with unique temporal requirements and
payments. We distinguish these queries with subscripts 1, 2 for
clarity. The customers pay 2¢/min and 3¢/min for their respec-
tive queries. In a one-time query-based trading mechanism2,
achieving periodically updated results requires repeated one-
time queries over the database. With execution costs of 5¢ and
14¢ for Query 1 and Query 2, the costs per unit time amount
to 2.5¢/min (5¢/2 min) and 3.5¢/min (14¢/4 min), respectively.
Since these execution costs exceed the customer payments, the
seller cannot profitably execute these queries, resulting in zero
profit.3

To overcome these limitations, we introduce computation
sharing for continuous queries. As illustrated in Fig. 2, con-
tinuous queries can be broken into smaller blocks based on their
time window edges. Many of these blocks process the same
data, leading to significant overlap in computation. This overlap
enables two forms of computation sharing, which can greatly
improve execution efficiency:! Self-sharing across time windows: This type of sharing

occurs when consecutive windows overlap, as illustrated by
Blocks B2

1 and B3
1 in Query 1. Specifically, while Window

W 1
1 combines the highest prices from blocks B1

1 and B2
1 ,

Window W 2
1 uses blocks B3

1 and B4
1 . Since B2

1 and B3
1

cover identical time periods, the system can effectively
reuse B2

1 ’s stored information for Window W 2
1 .! Mutual-sharing among different queries: This type of shar-

ing emerges when multiple queries process the same time

2Traditional one-time query-based mechanisms apply static prices based
on data granularity, assuming isolated executions. In continuous query set-
tings, platforms may treat each window independently and charge repeatedly.
While buyers may accept this, sellers incur redundant costs across overlapping
windows. Without computation sharing, total costs are more likely to exceed
payments, leading to reduced or negative profit.

3Although adaptive per-execution pricing for one-time queries is theoretically
feasible, it relies on dynamic cost estimation and per-query negotiation, which
are not supported by existing one-time query systems. This adds overhead and
may cause high latency or cost for time-sensitive buyers, limiting practical use.

Fig. 3. Profit of the example under computation sharing.

period, as illustrated by Blocks B1
1 and B1

2 . Specifically,
these blocks share the same results when computing their
respective windows, avoiding redundant calculations.

Computation sharing enables profitable data trading by re-
ducing execution costs. Although sharing computation among
multiple queries introduces additional overhead (e.g., 2¢/min for
calculation and storage), the system can achieve substantial cost
savings. Specifically, the execution costs of Query 1 and Query 2
are reduced by 1.6¢/min and 1.7¢/min, respectively. The final ex-
ecution costs are obtained by subtracting the reduced execution
cost from the original separate execution costs (i.e., 2.5¢/min −
1.6¢/min and 3.5¢/min − 1.7¢/min). Given a total payment of
5¢/min from the buyers and a shared computation cost of 2¢/min,
the seller obtains a net profit of 0.3¢/min, as shown in Fig. 3.
This analysis illustrates how sharing intermediate computations
lowers marginal costs and transforms otherwise unprofitable or
marginal queries into economically viable ones.

We present a mechanism for continuous query trading that
leverages computation sharing. The mechanism treats CQs as
marketable assets, integrating technical execution with eco-
nomic optimization. Within this mechanism, customers specify
their CQs, while the seller designs and executes query plans to
maximize profit based on the trading strategy. Each plan speci-
fies which CQs to execute and how to share computation among
queries within the same plan. Different query plan combinations
lead to diverse computation patterns, which directly affect both
execution cost and seller profit. Therefore, it is crucial to design a
trading strategy that balances these patterns to achieve maximum
profitability in continuous query-based data trading.

However, this mechanism presents several challenges. The
first challenge lies in modeling costs of continuous queries,
particularly due to computation sharing across different time
windows (self-sharing) and among queries (mutual-sharing),
as illustrated in Fig. 2. Current research primarily focuses on
practical implementation, lacking detailed theoretical cost mod-
eling, which is essential for effective trading strategy design.
This brings us to our first key question:

Key Question 1. How can we model the costs of continuous
queries, considering computation sharing across different win-
dows and among different queries?

Second, as depicted in Figs. 2 and 3, computation sharing
introduces additional operational costs stemming from the ex-
tra steps required for computation sharing, including costs for
computing common blocks and storing shared results. Although
it offers potential benefits, computation sharing does not always
guarantee positive profit. This uncertainty necessitates a strate-
gic trade-off between implementing sharing and non-sharing for
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both self-sharing and mutual-sharing types. Therefore, the seller
must carefully design the trading strategy to achieve a balance,
leading to our second key question:

Key Question 2. What is the optimal trading strategy that bal-
ances the trade-offs of computation sharing, for both self-sharing
and mutual-sharing, to maximize the seller’s profit?

Furthermore, multiple computation-sharing techniques exist
in practice, each with its own execution process [14]. These
differences result in distinct cost models and require trading
strategies tailored to each technique. This diversity requires a
general trading mechanism adaptable to varying cost structures,
prompting our third key question:

Key Question 3. How can sellers formulate a general trad-
ing mechanism that adapts to different computation-sharing
techniques?

B. Contributions

Our main contributions are summarized as follows:! Mechanism for continuous query-based data trading: To
the best of our knowledge, this is the first work on continu-
ous query-based data trading. We incorporate computation
sharing, a key component of continuous query execution,
to enhance seller profitability. Moreover, our mechanism
integrates seamlessly with existing trading mechanisms
while preserving their desired properties, as its optimiza-
tion goals are orthogonal to those of other trading systems.! Theoretical analysis of multiple computation-sharing tech-
niques:: We address the gap in theoretical analysis for
multiple computation-sharing techniques by providing cost
modeling and deriving closed-form optimal sharing strate-
gies for both self-sharing and mutual-sharing types. This
analysis provides valuable insights for the design of the
trading mechanism. Despite each technique having distinct
cost formulations, we identify a common cost structure
and formulate a general optimization problem for profit
maximization, adaptable across these techniques.! Algorithm design for the trading strategy: Our general
optimization problem combines elements from vector bin
packing and multidimensional knapsack problems, result-
ing in high computational complexity. To manage this com-
plexity, we decompose the problem into a master problem
and multiple pricing subproblems, developing a tailored
branch-and-price algorithm to find a globally optimal so-
lution.! Evaluation of the proposed mechanism: Both theoretical
insights and experimental results demonstrate that our
trading mechanism can profit from continuous queries that
traditional one-time query-based mechanisms would re-
ject. Our evaluation indicates that the proposed mechanism
improves the success rate of data trading by 12.8% and
boosts seller profit by an average of 28.7%, compared to the
one-time query-based data trading methods in the current
data market.

The rest of this paper is organized as follows: Section II
reviews related works. Section III presents the system model.
Section IV systematically analyzes the computation sharing.

Section V details the optimal trading strategy. Section VI
presents the experimental evaluation of the trading mechanism.
Finally, Section VII concludes this paper.

II. RELATED WORK

We organize related work into two key areas: query-based
data trading methods and data stream management systems.

A. Query-Based Data Trading Methods

Existing research on data trading has primarily focused on
developing mechanisms for static databases, emphasizing prop-
erties such as privacy preservation [15], [16], [17], arbitrage-
freeness [3], [18], truthfulness [19], [20], and security [20], [21],
[22]. Although these approaches provide robust solutions for
specific data trading challenges, they are generally restricted
to one-time queries executed over static database snapshots.
However, the growing demand for online analytics and real-time
machine learning across domains—from stock markets [23] to
IoT systems [24]—calls for continuous query-based data trad-
ing. Traditional methods, when applied to continuous queries,
often lead to inefficiencies and imprecise charges due to the
lack of computation sharing [25], as illustrated in Fig. 2. This
oversight can significantly undermine the effectiveness of data
trading in dynamic environments.

Our work addresses this gap by proposing a trading mech-
anism that incorporates computation sharing, a key feature of
continuous queries, to enhance seller profits through optimized
resource utilization. Since optimizing computation sharing is
orthogonal to the objectives of existing one-time query-based
data trading methods, as demonstrated in Section III-A1, our
mechanism seamlessly integrates with current trading methods
by enhancing their functionality without altering their funda-
mental properties, such as arbitrage-freeness and truthfulness.

B. Data Stream Management Systems

Existing research on continuous queries has primarily con-
centrated on the design of data stream management systems
(DSMS), which are crucial for continuous query execution in
real-world applications [26]. These efforts include developing
continuous query languages [27], creating advanced processing
engines [28], [29], and implementing distributed systems [30],
[31], [32]. A critical technique within these systems is compu-
tation sharing, which enhances execution efficiency by reusing
results from common computational blocks [25].

To provide a more precise positioning, our work is related
to three distinct strands of research. First, parallel execution
techniques have been widely explored to accelerate large-scale
analytical queries, including massively parallel join optimiza-
tion [33] and GPU-based query planning over disaggregated
architectures [34]. Second, our problem formulation is closely
connected to multi-query optimization (MQO), where prior
works focus on sub-expression reuse [35], materialized view
selection [36], and cost-model learning for query grouping [37].
Third, in the context of stream or sensor data processing,
computation sharing has been studied through shared window
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aggregation [38] and demand-based grouping for query-efficient
execution [39]. While these approaches typically aim at per-
formance optimization under centralized execution, CQTrade
uniquely integrates profit-driven pricing and resource budgeting
into the shared execution paradigm, enabling strategic trading
decisions across buyers and brokers.

While conventional continuous query processing [25], [26],
[27], [28], [29], [30], [31], [32] focuses on timely and resource-
efficient execution, it often overlooks the economic implica-
tions of such operations in data trading. In contrast, CQTrade
treats queries as marketable commodities and enables sellers to
strategically select and execute them to maximize profit through
computation sharing. This bridges the gap between technical ex-
ecution and profit-driven decision-making in continuous query
markets.

To address this gap, we propose a continuous query-based
trading mechanism that leverages computation sharing to cap-
italize on computational resource optimization and maximize
economic benefits. While practical advancements exist in im-
plementation techniques, there is a lack of theoretical analysis
on cost modeling and optimal sharing strategies. We tackle
this by analyzing computation-sharing techniques, identifying
a common cost structure, and developing a flexible trading
mechanism to improve economic outcomes.

III. SYSTEM MODEL

This section presents a comprehensive mechanism for trading
continuous queries. We begin in Section III-A by detailing our
trading system design, encompassing three key components:
continuous query modeling, query plan modeling, and system
cost modeling. Section III-B analyzes three widely adopted
computation-sharing techniques for continuous query execution,
along with their corresponding cost modeling. Building upon
these, Section III-C formulates a general optimization problem
that adapts to various computation-sharing techniques through
their common cost structure. We summarize key notations in
Table I for clarity.

A. Trading System for Continuous Queries

Our proposed trading mechanism, CQTrade, builds upon a
data stream management system architecture [26], as illustrated
in Fig. 4, with the corresponding interaction flow shown in Fig. 5.
In this mechanism, customers first submit continuous queries
(CQs) to a centralized query repository based on their analyti-
cal requirements. These queries form a set Q = {q1, . . . , qN},
each associated with specific window specifications [27]. Next,
the platform determines the optimal trading strategy by jointly
considering query compatibility, resource budgets, and expected
profitability. Finally, customers make payments, and the plat-
form executes the selected query plans by coordinating with the
stream processor and storage system to process data and deliver
results.

The execution of these queries incurs two primary types
of costs: processing costs and memory costs, as detailed in
Section III-A3. Our analysis adopts a sell-side market perspec-
tive, where we consider the data as already available for trading.

TABLE I
LIST OF KEY NOTATIONS

Fig. 4. Overview of CQTrade.

Fig. 5. Interaction flow of CQTrade.

This assumption treats initial data acquisition and preprocessing
costs as sunk costs, enabling us to focus on the core market
operations. This approach not only simplifies our analysis but
also reflects the practical constraints faced by data sellers in
real-world markets. In the following subsections, we present
the detailed modeling for three fundamental aspects: continuous
queries, query plans, and system costs.

1) Continuous Query Modeling: We focus on aggregate con-
tinuous queries [40], which serve as key tools in online analytics
applications due to their critical role in real-time information
aggregation. The formal definition of a continuous query is as
follows:

Definition 1 (Continuous Query). A continuous query q =
(s, r,π) performs data aggregation over streaming data using
time windows. Each window is characterized by:! A ‘range’ (r): specifying the time span of the window;
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! A ‘slide’ (s): determining the interval for result updates;! A ‘payment’ (π): representing the per-unit-time compen-
sation to the seller.

Our mechanism primarily addresses distributive aggregate
functions, which are formally defined as follows:

Definition 2 (Distributive Function). A function F (·) is dis-
tributive if there exists a function G(·) such that for any
set X1···n = {x1, . . . , xn} divided into two subsets X1···i =
{x1, . . . , xi} and Xi+1···n = {xi+1, . . . , xn}:

F (X1···n) = G(F (X1···i), F (Xi+1···n))

Common examples of distributive functions include max,
sum, and count. Our focus on distributive functions is strategic
rather than limiting. Besides distributive functions, aggregation
functions can be further categorized into algebraic and holistic
types. Algebraic functions, such as average, are computed by
applying additional operations to the outputs of distributive
functions. For example, average is derived by dividing sum
by count, both of which are distributive. Integrating algebraic
functions into our trading mechanism involves incorporating the
cost of these additional operations into the query plan, as detailed
in the cost modeling section. In contrast, holistic functions,
such as median, require access to the entire dataset and do not
support computation sharing. These functions typically demand
specialized algorithms that are highly context-dependent and not
amenable to generalization [14]. Therefore, this work does not
address holistic aggregation functions.

The seller receives multiple CQs from customers, each with
different time window specifications (i.e., ranges and slides)
under the same pre-aggregation filters (i.e., aggregate functions
and group-by attributes). For handling queries with different
pre-aggregation filters, we can directly integrate existing di-
verse mechanisms designed while retaining their desired prop-
erties [15], [19], as computation sharing optimization is orthog-
onal to pre-aggregation filter optimization. We assume that CQs
submitted to the trading system satisfy: s ∈ {2i|i ∈ N} and r is
divisible by s, which largely covers practical CQ patterns [25].
Furthermore, in line with [25], [41], we assume data arrives with
rate λ in order.

2) Query Plan Modeling: The seller constructs multiple
query plans [42] based on the trading strategy outlined in Sec-
tion III-C, specifying how to execute the CQs in setQ. We begin
with the formal definition of query plan:

Definition 3 (Query Plan). A query plan (p ⊆ Q) represents
a set of continuous queries executed in one container, with a
computation sharing type t ∈ T indicating how to share com-
putation.

Only CQs within the same plan can share computation. The
types of computation sharing (T = {Tsm, Tsn, Tnn}) are cate-
gorized as follows:4! Tsm: Plans that support both self-sharing and mutual-

sharing computation.

4We do not consider plan types that support only mutual-sharing computation,
as mutual-sharing builds upon the principles of self-sharing, as discussed in
Section IV-B. Without self-sharing, different windows in the same CQ will
couple with each other, preventing other CQs from reusing results produced by
non-self-sharing CQs.

Fig. 6. The plan slide and range.

! Tsn: Plans that support only self-sharing computation.! Tnn: Plans that do not support any computation sharing.
The seller predefines a set of empty plans P = {p1, p2, . . .}

based on system capacity [43].5 Each plan pi ∈ P is allocated a
processing budget (Bp

i ) and a memory budget (Bm
i ).

For plans pi ∈ P of type Tsm, CQs within the same plan may
have different slide and range values. To enable computation
sharing, the system assigns each plan a predefined plan slide
(si) and plan range (ri), as shown in Fig. 6. Only CQs whose
slide is no smaller than si and range no larger than ri can be
grouped under the same plan. This design allows eligible CQs,
despite differing in window parameters, to share a common set
of partial results. Final aggregation is then performed separately
for each CQ based on these shared partials. For clarity, we use
subscript i for plans and j for queries, as summarized in Table I.

For plans with sharing types Tsn and Tnn, CQs are processed
separately, removing the need for multiple plan configurations
and allowing a single predefined plan for each type, thereby opti-
mizing resource integration. Besides, the mechanism includes a
plan for CQs that are not executed. To simplify notation, we
define K = M + 3 as the total number of predefined plans,
where M denotes the number of plans with type Tsm, and the
“3” accounts for one plan each for type Tsn, type Tnn, and the
non-execution plan, ensuring that all plan types are represented
in the predefined plan set.

3) System Cost Modeling: Drawing from industry practices
in Amazon Web Services (AWS) [44] and Google Cloud [45],
we decompose the execution costs into processing cost cp(·) and
memory cost cm(·).6 The processing cost primarily reflects CPU
computations and is proportional to the number of aggregated
data points per time unit, scaled by the coefficient θp [44], [45].
The memory cost corresponds to the storage of computational
results and scales linearly with the number of stored results,
determined by the coefficient θm [44], [45]. Communication
costs are excluded from this model as they are not coupled across

5The predefined set of empty plans reflects practical system capacity con-
straints, as many stream processing systems pre-allocate task slots or containers
based on available resources. This design reduces scheduling latency and opera-
tional overhead, transforming the trading strategy into a query-to-plan allocation
problem under fixed system budgets.

6These components represent the primary drivers of resource consumption in
practical systems. They are explicitly instantiated under linear, tree-based, and
queue-based strategies (see Section III-B), and are integrated into the unified
profit model through equations (1) and (2). This modular and extensible design
ensures that the mechanism accommodates diverse execution settings and aligns
with pricing schemes commonly adopted in real-world cloud-based streaming
services.
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windows and queries and can be directly deducted from the
payments.

The system’s total cost comprises the costs of all query plans,
which vary with their sharing types. In the following, we analyze
the cost of each plan under different sharing types.! For plans pi ∈ P of type Tsm, which involve both self-

sharing and mutual-sharing computations, the processing
cost includes the partial aggregation cost for aggregating
shared partial results and the final aggregation cost for CQ
to aggregate the final results. Partial aggregation occurs
every si time units with λsi data points, resulting in a cost
of θpλ (i.e., θpλsi/si). The final aggregation cost is the sum
of the costs for aggregating each CQ’s final results based on
the partials, which is θp multiplied by the number of times
all partial results are combined into the final aggregation
per unit time. Similar to [46], [47], we define the final
aggregation cost for plan pi as θpE(pi)Ψ(pi), whereE(pi)
is the number of partials generated per unit time, andΨ(pi)
is the number of final aggregations performed on each
partial. Therefore, the processing cost of plan pi with type
Tsm is:

Cp(pi) = θp (λ + E(pi)Ψ(pi)) , (1)

which is consistent with the analysis in Section IV. The
memory cost of plan pi with type Tsm depends on the
number of intermediate results stored for sharing, denoted
as Γ(pi), and is expressed as:

Cm(pi) = θmΓ(pi). (2)! For plans pi ∈ P of types Tsn and Tnn, since no mutual-
sharing computations occur, the plan cost is the sum of
the costs of executing each CQ separately. For type Tsn,
the separate execution of a CQ is a special case of plan
execution, where the cost of separately executingqj is equal
to the cost of a plan with si = sj and ri = rj that exclu-
sively executes qj . For type Tnn, without any computation
sharing, the separate CQ cost for each technique is the
sum of cnp and cnm as detailed in equations (14) and (15)
in Section IV-A. For the non-execution plan, both cost and
profit are zero.

However, different computation-sharing techniques yield dif-
ferent formulations for Ψ(·) and Γ(·). Despite these differences,
all techniques share a common expression for the partial ag-
gregation rate: E(pi) = 1/si, meaning that one partial result is
generated every si time units. In the following, we introduce
three widely used computation-sharing techniques and describe
their respective cost models.

B. Computation Sharing Techniques

This section introduces three widely adopted computation-
sharing techniques used in practical applications [14]: lin-
ear, tree-based, and queue-based approaches, as illustrated in
Fig. 7. We first detail their respective aggregation processes in
Section III-B1 and then provide a comprehensive analysis of
their cost modeling in Section III-B2.

Fig. 7. Computation-sharing techniques for CQ execution.

1) Aggregation Process in Different Techniques: The exe-
cution of CQs involves two fundamental operations: partial
aggregation and final aggregation. As shown in Fig. 7(a), the
system divides the data stream into smaller segments, referred
to as partials, based on time window boundaries. It computes an
intermediate result for each partial, which is stored for later use.
During final aggregation, only the partials relevant to each time
window are combined to compute the full result. Each incoming
data point affects only the partials it belongs to. In practice, the
choice of an appropriate technique primarily depends on system
capabilities and query characteristics.

The three techniques implement aggregations as follows:! Linear aggregation directly reuses each partial multiple
times across different final aggregations. For example, in
Fig. 7(a), partial P4 contributes to four final aggregations
(i.e., F1–F4).! Tree-based aggregation organizes partials into a binary
tree, where the interval length doubles at each level, starting
with one partial at the bottom. For final aggregation, the
system selects the minimal set of intervals needed to cover
the CQ range, as illustrated in Fig. 7(b) with marked
intervals.! Queue-based aggregation leverages two circular queues:
one for storing partial results and another for pointers that
guide calculation skips. As shown in Fig. 7(c), the system
processes a CQ spanning positions 1 to 9 by following the
pointers and aggregating the relevant partials.

While these computation-sharing techniques are well-
established in practical implementations, their theoretical
foundations—particularly in cost modeling and optimal shar-
ing strategies—remain underexplored. This gap is particularly
important for continuous query-based data trading, where eco-
nomic efficiency and execution performance must be jointly
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optimized. To bridge this gap, our work makes the following
contributions: (1) a comprehensive cost modeling analysis and
the formulation of a general optimization problem, adaptable
to various computation-sharing techniques, as presented in Sec-
tion III-C; (2) the development of closed-form optimal sharing
strategies in Section IV; and (3) an efficient solution to the
general optimization problem in Section V.

2) Cost Modeling in Different Techniques: This section de-
rives the componentsΨ(pi) andΓ(pi) from equations (1) and (2)
for different computation-sharing techniques, enabling overall
system cost computation.7 Note that E(pi) = si remains con-
stant across all techniques, as discussed in Section III-A2.

a) Linear Aggregation (L): For a plan pi utilizing linear
aggregation technique L, each CQ qj ∈ pi performs γj = rj/sj
final aggregations on each partial. Consequently:

Ψ(pi)
L =

∑

qj∈pi

γj , (3)

The storage requirement corresponds to γi = ri/si partials:

Γ(pi)
L = γi. (4)

b) Tree-based Aggregation (T): For a plan pi using the
tree-based technique T, the number of levels in a binary tree
is log2(γi) + 1, where γi = ri/si represents the number of leaf
nodes. For each CQ qj covering γj = rj/sj partials, the final
aggregation involves a minimal set of internal tree nodes. Based
on the properties of binary trees, each query qj contributes
$log2(γj − 1)%+ γj−1

2&log2(γj)' operations to the final aggregation.
Thus, we have:

Ψ(pi)
T =

∑

qj∈pi

$log2(γj − 1)%+ γj − 1

2&log2(γj)'
. (5)

For quick approximations, Ψ(pi)T can be estimated as∑
qj∈pi

(log2(γj − 1) + 1). The system also needs to store the
results for all tree nodes. According to the binary tree property,
there are 2γi − 1 nodes in total, leading to:

Γ(pi)
T = 2γi − 1. (6)

c) Queue-based Aggregation (Q): For a plan pi executed
with the queue-based technique Q, the uncertainty caused by
pointer skipping makes direct calculation of factors challenging.
However, simulation results [48] suggest that each CQ performs
approximately three final aggregations per partial. Thus, we
have:

Ψ(pi)
Q = 3|pi|, (7)

where |pi| denotes the number of CQs in plan pi. The system re-
quires two queues to store the γi partials and their corresponding
pointer values, resulting in:

Γ(pi)
Q = 2γi. (8)

7We model three representative aggregation strategies, namely linear, tree-
based, and queue-based aggregation, each with distinct processing and memory
cost formulations defined in equations (3) through (8). These models capture
common execution patterns in stream query engines and can be integrated into
the general cost expressions in equations (1) and (2).

Different aggregation techniques lead to different cost for-
mulations, making it challenging to develop a unified trading
strategy. To address this, we identify a common cost structure
that underlies all three techniques. Based on this insight, we
formulate a general optimization problem that adapts to each
technique and aims to maximize the seller’s profit. This problem
will be introduced in detail in the next section.

C. Formulation of the General Problem

We formulate a general optimization problem that is adaptable
to different techniques, aiming to determine the optimal trading
strategy and maximize the seller’s profit. The profit is calculated
as the payments for executed CQs minus the plan costs. Despite
the diverse cost structures introduced by different aggregation
techniques, we identify a common cost structure that facilitates
a unified optimization approach.

As discussed in Section III-A3, the plan processing cost
consists of two components: (1) the partial aggregation cost,
θpλ, for the newly arrived data points, which is shared among
all CQs in the same plan, and (2) the final aggregation cost,
θp(E(pi)Ψ(pi)), which varies based on the final aggregation
required for different CQs.

This cost structure reveals a consistent pattern across different
computation-sharing techniques. The total cost for each tech-
nique can be decomposed into two distinct elements: a plan-level
start-up cost and query-specific costs. The plan-level start-up
cost includes both partial aggregation expenses and memory
overhead, shared across the entire plan. In contrast, query-
specific costs reflect the individual processing requirements of
each CQ within the plan, varying according to their specific
computational demands.

1) A General Optimization Problem for Different Tech-
niques: Based on this common structure, we formulate a general
mixed-integer programming problem.8 applicable across differ-
ent computation sharing techniques, introducing two key binary
decision variables:! x = [xij ]: a binary matrix of size K ×N , where each

element xij ∈ {0, 1} indicates whether continuous query
(CQ) qj is assigned to plan pi.! y = [yi]: a binary vector of sizeK × 1, where each element
yi ∈ {0, 1} indicates whether plan pi is activated (i.e., yi =
1 if any query is assigned to plan pi).

The profit maximization problem (P1) can be expressed as:

max
x,y

K∑

i=1

N∑

j=1

xijaij −
K∑

i=1

Ciyi

s.t.
N∑

j=1

xijwij ≤ W iyi, for i ∈ {1, . . . ,K},

K∑

i=1

xij = 1, for j ∈ {1, . . . , N}, (P1)

8The optimization formulation captures core characteristics of continuous
query markets by integrating pricing decisions, plan constraints, and computa-
tion sharing benefits. These elements jointly enable strategic query admission
under budget and resource limits, while maintaining a modular structure.
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xij ∈ {0, 1}, for i ∈ {1, . . . ,K}, j ∈ {1, . . . , N},

yi ∈ {0, 1}, for i ∈ {1, . . . ,K},

where aij is the CQ net profit from allocating CQ qj to plan
pi, Ci is the start-up cost for plan pi, wij is query-specific cost
of allocating CQ qj to plan pi, and W i is the capacity of plan
pi. Note that aijs, Cis, wijs, and W ijs vary according to the
specific computation-sharing technique employed.

2) Problem Formulation Process: We illustrate the detailed
problem formulation process using linear aggregation as an
example, while the formulations for tree-based and queue-based
aggregation techniques are provided in Appendix A due to space
constraints. For a plan pi of types Tms and Tsn, the start-up cost
is defined as:

Ci = θpλ + θmγi, (9)

which consists of the partial aggregation cost and the memory
cost for storing partial results. Let W i = [Bp

i − θpλ, Bm
i −

θmγi] represent the cost budget remaining for query plan pi,
including the processing and memory budgets available for the
CQs after deducting the corresponding start-up costs. For each
CQ qj ∈ pi, there is a final aggregation cost (i.e., query-specific
cost) θpγj/si, consistent with equation(3), and a corresponding
payment πj . Thus, the CQ net profit aij of allocating CQ qj to
plan pi is defined as:

aij =

{
πj − θpγj/si, if si ≤ sj and ri ≥ rj ,
0, otherwise,

(10)

and the corresponding continuous query-specific cost vectors
(with the first dimension representing processing cost and the
second representing memory) are defined as follows:

wij =

{
[θpγj/si, 0], if si ≤ sj and ri ≥ rj ,
[L,L], otherwise,

(11)

where L is a large constant penalty term that discourages the
selection of CQs with small slides or large ranges, as discussed
in Section III-A. Note that the query-specific memory cost is
zero since memory costs for partial results are shared among
CQs within a plan and included in the start-up cost.

For a plan pi of type Tnn, where no computation sharing
occurs, the start-up cost is Ci = 0. The query-specific cost
corresponds to the CQ cost without computation sharing, as
detailed in equations (14) and (15). Consequently, for a CQ
qj ∈ pi, the net profit is given by:

aij = πj − θpγj − θm. (12)

The cost budget for query plan pi is defined as W i = [Bp
i , B

m
i ],

and the query-specific cost is expressed as:

wij = [θpγj , θm]. (13)

For the null plan pi (where i = M + 3), both the start-up cost
Ci and the query-specific cost are zero. Consequently, for each
CQ qj , the net profit of assigning CQ qj to the null plan pi is
given as aij = 0. The cost budget for query plan pi is defined as
W i = [L,L], permitting the plan to accommodate any number
of CQs. The query-specific cost for any CQ qj is expressed as
wij = [0, 0].

In this section, we have presented the system model, encom-
passing the trading system design, computation-sharing tech-
niques, and problem formulation. The derivation of an optimal
trading strategy under computation sharing is challenging due
to the coupling effects across different time windows (i.e.,
self-sharing) and different queries (i.e., mutual-sharing). In the
following section, we present a theoretical analysis of compu-
tation sharing to establish foundations and provide insights for
deriving the optimal trading strategy.

IV. COMPUTATION SHARING ANALYSIS

Building upon the preliminaries established in Section III,
we derive the optimal self-sharing computation strategy in Sec-
tion IV-A and the optimal mutual-sharing computation strategy
in Section IV-B, using linear aggregation techniques. These
analytical results provide crucial insights that guide the de-
sign of our general trading mechanism. We then extend this
analysis to encompass tree-based and queue-based aggregation
techniques in Section V, addressing the general optimization
problem across different computation-sharing techniques.9

A. Analysis of Self-Sharing

For self-sharing computation, we analyze the cost modeling
and derive the optimal sharing strategy to maximize profit,
focusing on a single CQ q = (s, r,π). Three trading strategies
are considered for CQ execution: non-sharing trading strategy
Pns, sharing trading strategy Ps, and null trading strategy Pnull

(i.e., no execution).
a) Cost Modeling: For query execution, the seller can either

implement computation sharing or not. In the non-sharing sce-
nario, the system performs periodic aggregation of a single result
from λr data points within a time window of duration r every s
time units. The processing cost for non-sharing execution is:

cnp (q) = θp · λγ, (14)

where γ = r/s represents the overlap factor. The corresponding
memory cost is:

cnm(q) = θm · 1. (15)

reflecting the storage requirement for one computational result
per time window

b) Strategy Comparison: Next, we analyze the costs and
profits for each strategy.! For Pns, the profit of the strategy is:

π − cnp (q)− cnm(q), (16)

utilizing the non-sharing costs defined in (14) and (15).! For Ps, the processing cost comes from both partial and
final aggregations. The system aggregates sλ data points

9While semantic caching [49], [50], [51] has been studied for query optimiza-
tion in distributed and ad hoc settings, its applicability to streaming continuous
queries is limited by the need for fresh computation over evolving sliding
windows. In contrast, our mechanism employs computation block sharing to
reuse partial aggregations during execution and incorporates cost-aware plan
selection under resource constraints.
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for partial aggregation and γ = r/s partial results for final
aggregation every s time interval. The processing cost is:

csp(q) = θp(sλ + γ)/s, (17)

With γ partial results stored, the memory cost becomes:

csm(q) = θmγ. (18)

yielding a profit of:

π − csp(q)− csm(q). (19)! For Pnull, it yields zero profit and incurs no cost.
For analytical clarity, we normalize the data arrival rate to

λ = 1.10 By comparing the profits of these trading strategies,
we derive the optimal self-sharing strategy as follows.

Lemma 1 (Optimal Strategy for Self-sharing Computation).
For self-sharing computation, the optimal strategy for profit
maximization is one of the following: (1) the non-sharing strat-
egy Pns, (2) the sharing strategy Ps, or (3) the null strategy Pn.
Different system parameters lead to different optimal strategies
P∗, determined as follows:! If π ≤ π̄, then:

P∗ =

{
Pns, if r ≤ ř,
Pn, otherwise;

(20)! If π > π̄, then:

P∗ =






Ps, if θp > θm, s > s̄, and r̄ < r ≤ r̂;
Pns, if θp > θm, s > s̄, and r ≤ r̄,

orθp ≤ θm;
Pn, otherwise;

where r̄ = s2(θm−θp)
(θm−θp)s+θp

, ř = s(π−θm)
θp

, r̂ = s2(π−θp)
θp+θms , s̄ =

θp
θp−θm

, and π̄ =
θpθm+θ2

ms−θ2
ps

θp+θms−θps
.

The detailed proof is provided in Appendix B, from which we
derive two significant insights:

Observation 1 (Limited Profit of Self-sharing). The self-
sharing strategy Ps does not universally guarantee profit maxi-
mization, particularly in low-payment scenarios (π ≤ π̄).

This occurs because, with smaller payments, the maximum
range allowing optimal strategy implementation becomes too
narrow to effectively leverage computation-sharing benefits.

Observation 2 (Parameter Effect). Strategy efficiency ex-
hibits a complex relationship with the slide parameter s. ForPns,
effectiveness first decreases as s increases, particularly when
s < 2s̄ and ∂r̄/∂s < 0, before eventually increasing.

This relationship highlights the importance of careful trading
strategy design that considers appropriate parameter trade-offs.

B. Analysis of Mutual-Sharing

We now analyze the cost modeling and optimal mutual-
sharing strategy in a two-CQ case, where q1 = (r1, s1,π1)

10This normalization corresponds to setting the unit of system time to 1/v
seconds when the actual arrival rate is v data points per second. In this way,
λ = 1 denotes one data point per normalized time unit. This normalization does
not affect the generality of the results, as processing costs scale linearly with λ,
and the optimal plan selection logic remains invariant.

Fig. 8. The mutual-sharing strategy: Pms.

and q2 = (r2, s2,π2). Notably, mutual-sharing builds upon self-
sharing11 in computation-sharing techniques, as shown in Fig. 8.
Hence, we examine cases where all queries inherently involve
self-sharing. Without loss of generality, we assume s1 ≤ s2.
Accordingly, we consider five trading strategies:! Mutual-sharing strategy Pms={{q1, q2}} executes both

CQs with mutual-sharing computation. The shortest slide
(i.e., s1) determines the common partial length, as shown in
Fig. 8. The processing cost comes from partial aggregations
of λs1 data points every s1 time unit and final aggregations
for both queries. Each partial is used γ1 = r1/s1 and γ2 =
r2/s2 times for q1 and q2 in the final aggregations, leading
to γ1 and γ2 partial results aggregated every s1 time units
for q1 and q2. The memory cost depends on the number
of partial results stored and used in final aggregations for
the two CQs, which is the maximum range divided by s1.
Hence, if r1 ≤ r2, the profit is calculated as follows:

Rms=π1+π2−θp(λs1+(γ1+γ2))/s1−θm(r2/s1).
(21)! Double self-sharing strategy Pss={{q1}, {q2}} executes

both CQs separately, where the cost is the sum of the
separate self-sharing cost defined in (17) and (18), leading
to the profit:

Rss =
∑

i=1,2

(
πi − csp(qi)− csm(qi)

)
. (22)

! Single self-sharing strategy I Ps1 = {{q1}} only executes
the first CQ (q1), with the profit Rs1 = π1 − csp(q1)−
csm(q1).! Single self-sharing strategy II Ps2 = {{q2}} only exe-
cutes the second CQ (q2), with the profit being Rs2 =
π2 − csp(q2)− csm(q2).! Null strategy Pn = ∅ executes no queries, with zero profit.

To determine the optimal strategy for mutual-sharing com-
putation, we first compare Pms and Pss. When Rms ≤ Rss,
comparing (21) and (22) yields the condition for r2:

r2 ≤ r̀2 =
θp + θmγ1

θp
s1s2

− θp
s22

+ θm
s1

− θm
s2

, (23)

which indicates that Rms yields higher profit when r2 is small.

11Without self-sharing, different windows in the same CQ will couple with
each other, and other queries cannot reuse the results from the non-self-sharing
queries. In Fig. 8, both sharing types emerge.
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Fig. 9. The optimal strategy for mutual-sharing computation in the case (r1 ≤ r2), where s̆ = min( π2
π2−θp

,
θ2p+θms1π1

(π2−θp)(θp+θms1)
+ 1) and s̃ =

max( π2
π2−θp

,
θ2p+θms1π1

(π2−θp)(θp+θms1)
+ 1).

For strategies involving separate execution with self-sharing
computation (Pss, Ps1, Ps2, and Pss), each CQ executes only
if its payments cover the separate self-sharing costs defined in
(17) and (18). Specifically, CQ qi executes when π ≥ csp(qi) +
csm(qi), which is equivalent to the following condition:

ri ≤ r̂i =
s2i (πi − θp)

θp + θms1
, (24)

indicating that CQ qi will be executed when ri is small.
Based on our analysis, we present Lemma 2, which char-

acterizes the optimal mutual-sharing strategy. With a similar
induction, we present the optimal strategy for the case where
r1 > r2 in Appendix C.

Lemma 2 (Optimal Strategy for Mutual-Sharing Computa-
tion). For mutual-sharing computation, there are five potentially
optimal trading strategies for profit maximization in the case
where r1 ≤ r2: (1) Mutual-sharing strategy Pms, (2) Double
self-sharing strategy Pss, (3) Single self-sharing strategy I Ps1,
(4) Single self-sharing strategy II Ps2, and (5) Null strategy Pn.
These optimal strategies are mutually exclusive. Based on the
system parameters, the optimal trading strategyP∗ is as follows:

P∗ =






Pss, if r1 ≤ r̂1 and r̀2 < r2 ≤ r̂2,
Ps2, if r1 > r̂1 and ŕ2 < r2 ≤ r̂2,
Ps1, if r1 ≤ r̂1 and r2 > max (r̃2, r̂2) ,
Pn, if r1 > r̂1 and r2 > max (r̆2, r̂2) ,
Pms, otherwise,

(25)

where r̀2 = θp+θmγ1

( 1
s1

− 1
s2

)(
θp
s2

+θm)
, ŕ2 =

π1−θp
γ1
s1

( 1
s1

− 1
s2

)(
θp
s2

+θm)
, r̃2 =

π2+θmγ1
1
s1

(
θp
s2

+θm)
, and r̆2 =

π1+π2−θp−θp
γ1
s1

1
s1

(
θp
s2

+θm)
.

To clarify Lemma 2, we visualize the optimal strategy region
in Fig. 9 by considering r1 and r2 as variables and categorizing
cases by the s2/s1 ratio. We get the following counter-intuitive
observations:

Observation 3 (Synergistic Effects). Queries that are not prof-
itable when executed separately may become profitable when
executed together using mutual-sharing computation.

For CQ qi, if ri > r̂i, then the payment πi cannot cover the
cost of separate execution as illustrated by (24). However, in

Fig. 9(a) and (b), the region in the yellow triangle (i.e., r1 >
r̂1 and r̂2 < r2 ≤ r̆2) shows that even if the payment of each
CQ cannot cover its separate cost (i.e., r1 > r̂1 and r2 > r̂2),
the optimal strategy can make profits by executing all of them.
This indicates that the mutual-sharing computation boosts both
the success rate and profit of data trading, which is also validated
in our experiment part in Section VI.

Observation 4 (Dominance of Mutual-sharing). With small
slide ratio s2/s1, even if the payment of each CQ can cover its
separate cost, the double self-sharing strategy Pss will never be
the optimal strategy.

The double self-sharing strategy Pss has the potential to be
the optimal plan only when each CQ can cover its separate cost
(i.e., r1 ≤ r̂1 and r2 ≤ r̂2). However, as shown in the region in
the green box in Fig. 9(a), mutual-sharing plan Pms is always
better than Pss when r1 ≤ r̂1 and r2 ≤ r̂2. This is because the
mutual-sharing plan Pms benefits from small s2/s1. With a
smaller s2/s1, the final aggregations of q2 in strategy Pms cover
fewer partials, which can benefit largely from mutual-sharing
computation. We put the detailed proof and more observations
in Appendix C.

Takeaway: (1) Self-sharing computation cannot always bring
positive profit, especially with low payment. (2) Mutual-sharing
computation cannot always bring positive profit either, particu-
larly when the slide ratio is high.

This section has presented a theoretical analysis of compu-
tation sharing, covering self- and mutual-sharing types, and
has derived optimal strategies and key insights. This analysis
forms the foundation for continuous query-based data trading.
Based on these cases, we proceed to solve the general trading
optimization problem P1 in the following section.

V. OPTIMAL TRADING STRATEGY

This section develops a tailored solution to problem P1 for
obtaining the optimal trading strategy through three steps:

1) Problem Reformulation (Section V-A): We apply
Dantzig-Wolfe decomposition [52] to transform P1 into
an equivalent problem P2. This reformulation decomposes
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the large-scale problem into more tractable subproblems,
improving computational efficiency

2) Relaxation Solution (Section V-B): We employ column
generation to solve the linear programming (LP) relax-
ation of P2. This intermediate step provides both lower
bounds for the branch-and-bound process and high-quality
initial solutions for the integer program.

3) Integer Solution (Section V-C): We develop a customized
branch-and-price framework that combines branch-and-
bound with dynamic column generation to enforce integer
constraints while maintaining computational efficiency.

A. Problem Reformulation: Dantzig-Wolfe Decomposition

In this subsection, we employ Dantzig-Wolfe Decomposition
to reformulate the original problem into a tighter formulation—
one where the relaxed solution frequently satisfies integer con-
straints naturally, thus accelerating the branching process con-
vergence [52]. This decomposition divides the complex problem
into more tractable subproblems, improving both efficiency and
solution quality. First, we define the feasible allocation pattern
for a plan as follows:

Definition 4 (Feasible Allocation Pattern). A feasible alloca-
tion pattern f ⊆ Q for a plan is a set of CQs from Q that can be
allocated into the plan while satisfying all constraints.

Let F i be the set containing all feasible allocation patterns
for plan pi, and f i

l ∈ F i be the l-th feasible allocation pattern
for pi ∈ P . Let F = ∪qi∈PF i be the set containing all pattern
sets. A feasible allocation pattern f i

l is denoted by a vector
bfi

l
of indicator functions bj

fi
l

such that bj
fi
l
= 1 if CQ qj is

executed in the pattern f i
l . The profit of pattern f i

l is then the
difference between the total profit of CQs in that allocation
pattern, subtracted by the start-up cost of the plan pi:

hfi
l
=

∑

qj∈Q
aijb

j
fi
l
− Ci, (26)

where aij is the CQ net profit and Ci is the plan start-up cost, as
defined in Section III-A3. This leads to the following problem
reformulation using Dantzig-Wolfe Decomposition:

Lemma 3 (Reformulation). Problem P1 can be reformulated
as the following Problem P2:

max
λ

∑

pi∈P

∑

fi
l ∈Fi

hfi
l
λfi

l

s.t.
∑

pi∈P

∑

fi
l ∈Fi

bj
fi
l
λfi

l
= 1, for j ∈ {1, . . . , N}, (P2)

∑

fi
l ∈Fi

λfi
l
≤ 1, for i ∈ {1, . . . ,K},

λfi
l
∈ {0, 1}, for f i

l ∈ Fi, i ∈ {1, . . . ,K}.

Therefore, based on the reformulation, the problem can be
decomposed into the following problems: (1) a master problem
P2, and (2) multiple subproblems to generate all the feasible
allocation patterns.

While solving P2 with the complete set of feasible allocations
F would yield the optimal solution, the exponential number
of feasible patterns makes the direct solution impractical. To
address this computational challenge, we propose a two-phase
approach. First, we employ column generation to solve the
LP relaxation of P2, dynamically generating patterns through
iterative solutions (Section V-B). Then, we incorporate branch-
and-bound to enforce integer constraints in our branch-and-price
algorithm (Section V-C).

B. Relaxation Solution: Column Generation

We address Problem P2 through Linear Programming (LP)
relaxation using column generation, which serves as the foun-
dation for our branch-and-price framework. The solution proce-
dure follows an iterative process that starts with an initial set of
patterns. In each iteration, the subproblems generate only those
allocation patterns with the potential to improve the current solu-
tion. A new pattern, if one exists, must yield a positive marginal
profit among all possible patterns. If no such pattern exists, the
procedure terminates, having found the optimal solution to the
relaxed master problem. For each plan pi, we define the marginal
profit of a given pattern f i

l ∈ Fi as:

rfi
l
=

N∑

j=1

bj
fi
l
uj + hfi

l
− εi

=
N∑

j=1

bj
fi
l
uj +

N∑

j=1

bj
fi
l
aij − Ci − εi, (27)

where uj represents the dual variable associated with CQ qj in
P2, indicating the marginal value of qj to the solution, while εi
is the dual variable for Plan pi, capturing the allocation cost.

The restricted master problem contains significantly fewer
variables than the original problem, enabling efficient solutions
through linear programming algorithms such as the simplex
method. This iterative column generation approach ensures op-
timal solution convergence [53]. We next detail the construction
of the restricted master problem (Section V-B1) and the pricing
subproblems (Section V-B2).

1) Restricted Master Problem: Problem Pres−master oper-
ates onF ′ ⊆ F , whereF ′

i ⊆ Fi contains the currently generated
patterns for plan pi along with initial patterns, updated itera-
tively. Therefore, the restricted master problem Pres−master is
as follows:

max
λ

∑

pi∈P

∑

fi
l ∈F

′
i

hfi
l
λfi

l

s.t.
∑

pi∈P

∑

fi
l ∈F

′
i

bj
fi
l
λfi

l
= 1, for j ∈ {1, . . . , N},

∑

fi
l ∈Fi

λfi
l
≤ 1, for i ∈ {1, . . . ,K},

0 ≤ λfi
l
≤ 1, for f i

l ∈ Fi, i ∈ {1, . . . ,K}

(Pres−master).
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The key distinction between Problem Pres−master and the LP
relaxation of Problem P2 lies in that Pres−master considers only
F ′, a subset of feasible allocations, which substantially reduces
the computational complexity.

2) Pricing Subproblems: For each plan pi ∈ P , Problem
Psubproblem−i generates feasible allocation patterns with the
potential to increase profit. In each iteration, based on the dual
variables in the restricted master problem, we need to find the
patterns with maximum increase profit defined in (27) to join F ′

i

and enhance the current solution. Accordingly, for each plan
pi ∈ P , we formulate the corresponding pricing subproblem
Psubproblem−i as follows:

Zi = max
x

∑

qj∈Q
(aij + uj)zj

s.t.
∑

qj∈Q
wijzj ≤ W i,

zj ∈ {0, 1}, for j ∈ {1, . . . , N}

(Psubproblem−i)

where zj is a binary variable that indicates whether allocates CQ
qj into the plan or not. Therefore, the potential increased profit
of the optimal pattern of plan pi is Zi − Ci − εi, where Ci is the
start-up cost for the plan pi as shown in Section III-A3 and εi is
the dual variable of pi as introduced in (27).

Since the subproblem for each plan is independent, we can
deal with the subproblems parallelly. Only patterns yielding
positive marginal profits are candidates for inclusion in the
optimal solution. If any pattern with positive marginal profit
exists, we select the one maximizing the profit to augment the set
F ′ and incorporate it into the restricted master problem. Other-
wise, the absence of profitable patterns indicates that the current
solution cannot be further improved, signaling the algorithm’s
termination.

This column generation approach iteratively solves Problem
P2 with LP relaxation. To satisfy integer requirements for
variables λfil , we implement the branch-and-price framework,
detailed in the subsequent section.

C. Integer Solution: Branch-and-Price Framework

The branch-and-price framework integrates column genera-
tion with branch-and-bound techniques to satisfy integer con-
straints. This section details the algorithm design and imple-
mentation for solving Problem P1.

We first introduce the whole procedure of the proposed algo-
rithm based on a binary search tree. We start with a heuristic
initial solution and an initial pattern set F ′ at the root node,
and each branch node inherits the feasible patterns from its
parent. Each node first solves a mixed integer programming
problem Pres−master, which is additionally constrained by the
branching rules of the current node. Based on the dual variable in
Pres−master, the current node then solves a set of subproblems
Psubproblem−i to find the patterns that have the potential to
improve the solution as we introduce in Section V-B. If pat-
terns with positive increased profit are found, we add them to

the current pattern set F ′ and improve the solution iteratively.
Otherwise, we find the optimal solution under the rules of the
current node. If it is integral and achieves higher profit than
the lower bound, we update the lower bound. Otherwise, if the
solution is lower than the lower bound, we stop branching in
the current node, and if the solution is fractional, we branch the
node according to the branching rule.

The effectiveness of the branch-and-price algorithm relies
heavily on an appropriate branching rule. The rule should be
tailored to specific problems to ensure it does not destroy the
problem structure. Besides, the rule can be used in pricing
subproblems to generate patterns while respecting branching
rules effectively. According to [54], if the solution is fractional,
then we can always find a CQ pair j and j′ which satisfies:

0 <
∑

bj
fi
l

=1,bj
′

fi
l

=1

λfi
l
< 1. (28)

This leads to two branching rules:
∑

∀i,l:bj
fi
l

=1,bj
′

fi
l

=1

λfi
l
= 1, (29)

and
∑

∀i,l:bj
fi
l

=1,bj
′

fi
l

=1

λfi
l
= 0. (30)

We create the left child node using rule (29) and the right
child node using rule (30). By integrating the column generation
and branching procedure, we derive Algorithm 1 to obtain the
globally optimal trading strategy for Problem P1 that maximizes
seller profits.

The branch-and-price algorithm guarantees global optimality
for problem P1 by combining branch-and-bound with column
generation to solve LP relaxations at each node. Convergence is
ensured due to the finiteness of the solution space and termina-
tion of column generation when no improving columns remain.
Although the worst-case complexity is exponential, empirical
studies [55], [56] show that branch-and-price performs well in
practice, particularly when exploiting structural sparsity. In our
case, the sparse query-to-plan matrix and modular subproblem
structure significantly reduce the effective search space.

In this section, we have introduced a branch-and-price frame-
work tailored for Problem P1 to obtain the globally optimal
trading strategy. The next section presents the experimental
evaluation of the mechanism’s performance.

VI. EXPERIMENTAL EVALUATION

This section presents a comprehensive evaluation of the pro-
posed trading mechanism through extensive numerical exper-
iments under diverse scenarios. We begin in Section VI-A by
outlining the experimental setting, followed by Section VI-B,
which provides a detailed analysis and discussion of the exper-
imental results.
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Algorithm 1: The Branch-and-Price Algorithm.

A. Experimental Setting

Due to the lack of publicly available benchmark datasets for
continuous query generation with economic parameters, we fol-
low common practice in the CQ literature [57], [58], [59], [60]]
and use synthetic query workloads to evaluate performance.
To ensure practical relevance, our payment and cost models
are calibrated using resource pricing data from commercial
platforms such as Amazon’s pricing model [44].

1) Continuous Query Generator: Following continuous
query research [57], [58], [59], [60], our evaluation employs
a synthetic continuous query dataset generated by a specialized
generator, allowing precise parameter control while encompass-
ing realistic operational scenarios. The generator systematically
varies the experimental parameters to explore different set-
tings, enabling straightforward adaptation of our methodology
to specific contexts through parameter modifications. To emulate
different scales of data stream management systems, we set the
default configuration to 1000 continuous queries (N = 1000)
and 10 sharing plans (M = 10), with these parameters adjusted
in subsequent analyses (Sections VI-B1 and VI-B2). CQ slides
s follow a uniform distribution within [1, Smax], rounded to the
nearest power of two, with Smax = 1024 as the default maxi-
mum, striking a balance between granularity and computational
feasibility. CQ ranges r are determined by their respective slides,
where ri = γi · si, with overlap factor γi uniformly distributed
in [1,Γmax]. The parameter Γmax is set to 10000 by default.

2) Payment and Cost Model: The customer payment model
reflects data utility through two temporal dimensions: freshness
and coverage. Prior studies [61] have established the slide
interval s as a measure of the age of information between
consecutive updates. Building upon this concept, we charac-
terize data freshness as 1/s to capture the inverse relationship
between update frequency and information aging. The range
parameter r quantifies temporal coverage, with larger ranges
providing enhanced statistical robustness. Thus, for a customer
with utility preferenceφ ∼ U [0,Φmax], we define the payment as
π(φ, r, s) = φr/s. Drawing from Amazon’s pricing model [44],
we normalize processing and memory cost coefficients to θp = 1
and θm = 0.36, respectively.

3) Baselines: Given the current absence of continuous
query-based data trading models in the market, our study eval-
uates our proposed mechanism against the repeated one-time
query-based method (RO) [2], [3], which is widely utilized in
current data markets but does not incorporate computation shar-
ing. This comparison demonstrates the advantages of continuous
query-based data trading methods, particularly through three
computation-sharing techniques: the linear technique (CQT-L)
for basic sequential processing, the tree-based technique (CQT-
T) for hierarchical optimization, and the queue-based technique
(CQT-Q) for efficient parallel execution.

B. Results

This section presents and analyzes the experimental results
of our proposed mechanism’s performance across diverse pa-
rameter configurations. Through systematic parameter variation
and subsequent analysis of their individual effects, we assess
the mechanism’s sensitivity to parametric changes and its op-
erational robustness. Our experimental observations revealed
several notable phenomena, which are emphasized in italic font
throughout this section.

1) Number of Continuous Queries: We assessed the scala-
bility of our mechanism by varying the number of continuous
queries (CQs) from 50 to 3000, with results shown in Fig. 10(a)
and (b). The success rate—defined as the ratio of accepted to
total CQs—demonstrates that our methods (CQT-L, CQT-T,
and CQT-Q) significantly outperform the RO baseline. The
observed trend—initial decline, followed by recovery, and then
a drop—reflects the mechanism’s adaptive behavior under in-
creasing workloads. Initially, as more individual CQs are added,
system capacity becomes strained, causing a decline in success
rates. The system then recovers as shared plans are activated,
leveraging computation reuse to support additional queries.
Eventually, success rates fall again as system capacity reaches its
limits, indicating a scalability ceiling. Profit, in contrast, shows a
clear upward trend with more CQs, illustrating the mechanism’s
ability to capitalize on increased demand while maintaining
profitability.

2) Number of Query Plans: To further evaluate scalability,
we varied the number of available query plans from 5 to 100, as
depicted in Fig. 10(c) and (d). The CQT-L method consistently
achieves higher profit than RO, with a peak improvement of
28.7%. The profit increases sharply between 10 and 30 plans as
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Fig. 10. Success rate and profit with an increasing number of CQs and query plans.

Fig. 11. Resource utilization and profit with increasing max slides and ranges.

Fig. 12. Profit with different payment preferences and cost coefficients.

the demand for CQ execution intensifies. As the number of plans
continues to grow, CQT-Q and CQT-L show more fluctuation,
benefiting from increased residual capacity via computation
sharing. Meanwhile, CQT-L and RO demonstrate more stable
profit growth, roughly proportional to the expanded planning
options.

3) Maximum Slide: We examined the effects of varying the
maximum slide parameter (Smax) across a range of 300 to 3000,
as shown in Fig. 11(a) and (b). Fig. 11(a) presents resource uti-
lization, defined as the ratio of consumed to available resources.
In continuous query trading, utilization shows periodic changes
with increasing slide values, whereas RO remains relatively flat.
This stability in RO arises from its reliance on a fixed overlap
factor—i.e., the ratio of window range to slide—used in its cost
estimation. The observed variations in our methods stem from
dynamic plan selection responding to sliding window character-
istics, as further confirmed by profit trends in Fig. 11(b).

4) Overlap Factor for the Range: We analyzed the effect of
varying the maximum overlap factor (Γmax) by increasing the

window range from 500 to 50000, as shown in Fig. 11(c) and (d).
The results reveal periodic fluctuations in resource utilization
similar to those seen in the sliding window experiment. Impor-
tantly, Fig. 11(d) shows a consistent decline in profit across all
methods asΓmax increases. This is due to the direct relationship
between range size and processing overhead, which limits the
profit margins in high-overlap scenarios.

5) Payment Preference and Cost: We varied parameters in-
cluding payment preference (Φmax), processing cost (θp), and
memory cost (θm) to simulate different pricing models based
on AWS [44] and Google Cloud [45]. Results in Fig. 12(a)–(c)
show that CQ-based methods consistently outperform RO. As
the payment preference increases, the profit gap among different
CQ trading strategies widens, showcasing the efficiency of
computation sharing in handling higher query volumes. More-
over, performance differences among CQ methods depend on
cost parameters. For example, under lower processing costs
(θp = 0.1), CQT-T achieves higher profits than CQT-Q, thanks
to its more efficient memory use Fig. 12(c). These findings
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underscore the importance of cost-aware method selection to
maximize profitability in varying deployment scenarios.

VII. CONCLUSION

We presented CQTrade, the first mechanism for continuous
query-based data trading, aiming to enhance data trading for on-
line data analytics. Our contributions are threefold: (1) we con-
ducted a theoretical analysis of multiple computation-sharing
techniques in continuous query execution, an area largely un-
explored in existing literature yet crucial to data trading; (2)
building on this analysis, we formulated a general optimization
problem that adapts to various continuous query execution tech-
niques, with the objective of maximizing the seller’s profit; (3)
we developed a branch-and-price algorithm to address the inher-
ent complexity of the optimization problem, which incorporates
elements of vector bin packing and multidimensional multiple
knapsack problems. Our empirical evaluation demonstrated that
CQTrade improved data trading success rates by 12.8% and
increased seller profit by 28.7% on average, compared to con-
ventional one-time query-based trading methods.

While our current mechanism focuses on the sell-side market
to optimize seller profits under computation sharing, a key future
direction is to extend CQTrade to bilateral settings that incor-
porate buyer-side decision-making. This includes utility-driven
objectives, joint welfare maximization, or equilibrium-based
formulations that account for both buyer utility and seller cost.
Incorporating buyer bidding, auction-based pricing, and QoS
differentiation would support more dynamic and realistic trad-
ing, enabling incentive-compatible mechanisms under resource
constraints.

Furthermore, while CQTrade supports centralized execution
and colocated queries in distributed settings, extending it to
finer-grained deployments may require additional coordination
to maintain computation sharing. Exploring such extensions
is a promising direction for future work. Another important
future direction is to validate CQTrade in real-world deploy-
ment scenarios, including integration with live data streams and
end-to-end system evaluation under practical constraints.
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