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ABSTRACT

HTAP systems aim to support large-scale transaction processing
while preserving real-time analytics over fresh operational data.
Achieving this dual goal requires carefully ensuring workload iso-
lation and data freshness. However, this is a challenge that existing
systems often struggle to meet, as they rely on static, coarse-grained
storage configurations, such as duplicating full data across dual stor-
age model (row and column store) or storing data in a single model.
These incur excessive synchronization overhead that degrades data
freshness or compromises workload isolation under mixed work-
loads. To this end, we present Jasper, a joint adaptive storage mech-
anism that dynamically configures fine-grained storage layouts
based on workload characteristics. Jasper performs workload-aware
horizontal and vertical partitioning and selectively materializes col-
umn store replicas for update-sparse, query-intensive partitions.
This design ensures strong workload isolation while minimizing
unnecessary data redundancy, significantly reducing synchroniza-
tion overhead and improving data freshness. We implement Jasper
in TiDB and conduct extensive evaluations using both standard
benchmarks and a real-world TiDB production workload. Extensive
evaluations on both benchmarks and real-world TiDB production
workloads show that Jasper cuts workload completion time by
20.43%—-40.59%, delivering state-of-the-art performance in balanc-
ing isolation and freshness for HTAP systems.
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Figure 1: HTAP System Characteristics.

1 INTRODUCTION

HTAP systems support large-scale transaction processing and real-
time analytics. The storage model (e.g., row vs. column store) has a
significant impact on the performance of different types of work-
loads [2, 8, 33]. Therefore, existing HTAP systems (TiDB [25], Heat-
wave [22], SQL Server [32], SingleStore [51]) typically support
hybrid storage models and route workloads to the corresponding
storage according to their characteristics to achieve high workload
isolation (Figure 1a). Specifically, row stores—where data tuples
are stored contiguously by row—are used for transactional process-
ing, while column stores—where each column is stored contigu-
ously—are employed to accelerate analytical queries.

Maintaining both row and column stores in HTAP systems in-
troduces data synchronization overhead. To ensure consistency,
systems adopt techniques such as delta merge or primary store
rebuild [22, 25, 31, 32, 45] to propagate updates from the row store
to the column store, which can significantly degrade performance.
We conduct a micro-benchmark on TiDB using CH-Benchmark [15]
to measure the impact: enabling synchronization increases query
latency by 16.5% to 74.4%, with more severe degradation under
heavier transactional workloads. This is because TiDB retrieves the
latest data on reads [25], and recent updates not yet reflected in
the column store introduce additional read latency. These findings
highlight the substantial overhead of synchronization over two
storage models and prompt a critical question: is it truly necessary
to maintain dual-model storage for all data?

Storing data in a single model avoids synchronization but com-
promises workload isolation due to increased contention. This high-
lights a fundamental trade-off in HTAP systems between isolation
and data freshness. Commercial systems like TiDB [25] and Byte-
HTAP [14] adopt coarse-grained dual-storage designs to reduce
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Figure 2: An Example of Adaptive Storage in Table Orders.
Write-intensive partition PO is stored by row, while read-
intensive partition P1 has additional column-store replicas.

contention, but they overlook workload-specific access patterns,
leading to redundant data and delayed analytical visibility. In con-
trast, Peloton [8] employs a single-storage design (i.e., each data
tile stored purely in a row or column format) with fine-grained
tile-based layouts optimized per access pattern, but loses isolation
as mixed workloads compete for shared tiles. Proteus [2] introduces
a hybrid architecture but lacks systematic partitioning and ignores
synchronization overhead, limiting its effectiveness in balancing
isolation and freshness.

To better navigate the trade-off between workload isolation and
data freshness, we argue that effective HTAP storage layout should
move beyond static, coarse-grained storage design toward adap-
tive and fine-grained optimization. We aim to develop a workload-
specific storage mechanism that integrates fine-grained partitioning
with selective column store replicas to ensure workload isolation
and high data freshness. This mechanism includes both row and
column stores. It captures workload characteristics to construct
optimal data partitions and selectively configures column store
replicas for certain partitions without compromising data freshness.
As illustrated in Figure 2, consider an e-commerce scenario with
two representative workloads over the Orders table: transactions
update the address field, and analytical queries calculate the av-
erage order amount. Based on workload analysis (e.g., read-write
access patterns and query semantics), our mechanism partitions
data guided by filter conditions and read-write boundaries while
selectively creating column store replicas for analytical hot-spot
partitions. For instance, update-dominated partition POB is stored
only in row format, avoiding interference with analytics, whereas
analytical queries are served from P1A, a column-store partition
optimized for filtering and aggregation.

However, realizing this fine-grained adaptive storage configura-
tion in practice introduces several key challenges.

C1. Joint optimization of partitioning and selective col-
umn replicas. There exists a sequential interdependence between
data partitioning and column store configuration. Partitioning de-
fines the scope within which column store replicas can be applied;
for example, applying no partitioning (i.e., using a full-table replica)
or placing hot and cold data within the same partition can signifi-
cantly degrade the performance of column store scans. Conversely,
column store configuration can influence partitioning decisions:
because different storage formats alter query execution costs, a
partitioning strategy that is optimal under one storage layout may
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become suboptimal under another. Moreover, the joint optimization
of partitioning and column store presents significant computational
overhead. This is due to two key factors: the combinatorial explo-
sion of potential configurations involving multiple columns, and the
complex characteristics of HTAP workloads where update/select
patterns exhibit cross-column variations and temporal dynamics
frequency variations. Prior work [60] proves that data partitioning
problem is NP-hard. This complexity further increases when parti-
tioning is combined with column store configuration. These factors
result in a massive, entangled design space that makes exhaustive
exploration infeasible and efficient heuristics hard to design.

C2. Lightweight yet accurate storage evaluation. Evaluating
a candidate storage configuration by materializing it and physi-
cally executing queries is prohibitively expensive. Existing “what-if”
analysis methods [11, 13, 29, 38, 46] estimate performance under
hypothetical configurations using the database optimizer, but suffer
from several limitations: First, these methods introduce significant
computational overhead due to repeated query plan generation
and intrusiveness to optimizer [41, 55]. Second, existing “what-if”
analysis relies on query optimizer which suffers from low accu-
racy in benefit estimation [13, 46]. Besides, they fail to identify
and quantify which translational updates are latency-critical for
analytical queries, thus ignoring the synchronization overhead in
HTAP system. Although deep learning models have gained atten-
tion in the field of cost estimation for database systems [34, 60, 61],
they introduce significant overhead for model training, as these
models require collecting performance data from diverse queries to
generalize effectively. Thus, it is both necessary and challenging to
develop a lightweight storage evaluation model for HTAP systems
that is synchronization-aware and accurate across diverse hardware
and workload contexts with minimal training overhead.

C3. Efficient adaptation to dynamic workloads. HTAP work-
loads are inherently dynamic with frequent shifts in access pat-
terns and concurrency. Static storage optimization strategies could
quickly become obsolete, leading to degraded query performance
and increased synchronization overhead. While adaptive optimiza-
tion is necessary, recomputing the entire optimization pipeline,
spanning workload profiling, partitioning, and storage model recon-
figuration can be prohibitively expensive and highly disruptive to
system runtime [17, 24, 47]. Moreover, applying updated configura-
tions could involve non-trivial data movement overhead, especially
when transitioning between storage models or repartitioning data.
Therefore, an effective storage system must support incremental,
low-disruption optimization mechanisms that balance adaptivity
with operational efficiency.

To address the aforementioned challenges and balance data fresh-
ness and workload isolation for optimal overall performance, we
propose Jasper, a joint adaptive storage mechanism that coordi-
nates partitioning and replica materialization in HTAP systems.
Built atop a hybrid-store architecture, Jasper partitions the data
and selectively materializes column store replicas for primary row
partitions to accelerate analytical workloads. First, to efficiently
navigate the large design space, we formulate storage optimization
as a tree-structured search problem, and design an adaptive search
algorithm, MCTS-HTAP. It analyzes access patterns to compute
node utilities and action priorities, focusing on more promising
configurations, thereby accelerating convergence to the optimal



solution (for C1). Second, we propose a lightweight storage-aware
evaluation model that uses cached plan and adjustment strategy
to efficiently generate an execution cost tree for each query under
a given virtual storage configuration. Then, rather than directly
learning a black-box model to estimate the plan cost, we adopt a
more interpretable and modular approach that breaks the problem
down into learning individual operator costs and data synchro-
nization overhead and enhances them with storage-aware learned
calibration, requiring minimal training overhead (for C2). Third,
we introduce an incremental reconfiguration mechanism that gen-
erates latency-critical reconfiguration candidates based on detected
workload variances, instead of starting from scratch. It models data
redistribution costs to balance performance gains and overhead (for
C3). In summary, we make the following contributions:

e We propose Jasper, a multi-component joint adaptive storage
mechanism for HTAP systems. It integrates fine-grained parti-
tioning with selective column store replication to achieve high
workload isolation with low data synchronization overhead.
We design MCTS-HTAP algorithm that transforms the HTAP
storage optimization problem into a tree-structured search guided
by utility-priority model to avoid combinatorial explosion.

We propose a lightweight, storage evaluation model for HTAP
systems. It generates execution cost tree under new storage
configuration by plan caching and adjustment and estimates its
cost via individual operator costs and synchronization overhead
learning, enhancing accuracy with minimal training overhead.
We develop an incremental reconfiguration mechanism that dy-
namically adjusts the storage configuration in response to work-
load changes. It generates latency-critical reconfiguration actions
based on detected workload variances, carefully balancing data
redistribution costs with performance gains.

We implement Jasper in TiDB and conduct extensive experiments.
Results show that Jasper reduces end-to-end workload latency
from 20.43% to 40.59%, validating its effectiveness.

2 PRELIMINARY

We introduce the basic concepts of data storage in HTAP systems
in Section 2.1, propose our problem statement in Section 2.2 and
compare representative systems’ storage designs to highlight key
limitations and motivate our approach in Section 2.3.

2.1 HTAP System

Hybrid Transactional/Analytical Processing (HTAP) systems aim
to efficiently support both OLTP and OLAP workloads on a single
platform by leveraging the strengths of row and column stores. Row
stores handle frequent point queries and updates, while column
stores excel at analytical tasks with efficient scans, compression,
and vectorized execution.

HTAP systems integrate these models using various architec-
tures, each presenting unique trade-offs in isolation and data fresh-
ness. Some systems adopt a dual storage, maintaining row-based
storage with column-store replicas (e.g., TiDB [25], ByteHTAP [14],

Hyrise-Tired [10]) to improve workload isolation, albeit at the
cost of data freshness due to synchronization latency. For instance,
TiDB stores all data in TiKV (row store) and maintains columnar
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replicas in TiFlash, routing queries to either engine based on work-
load characteristics. Other systems adopt a unified storage. These
systems (e.g., Oracle [31], SQL Server [32], Heatwave [22], PolarDB-
IMCI [54]) use a primary row store with an in-memory column
store, ensuring high throughput but requiring costly delta merges
to propagate updates. In contrast, systems like SAP HANA [20, 50],
Hyrise [21], Umbra [30, 48] adopt a primary column store with a
delta row store, prioritizing analytical performance. While these
architectures intrinsically reduce the synchronization overhead
between main storage formats, they typically limit OLTP scalability
and require extra cost to merge delta data. Each design reflects trade-
offs among throughput, freshness, isolation, and scalability [44].
In this work, we target the HTAP systems consisting of a primary
row store augmented with column store replicas. We adopt TiDB’s
hybrid storage model as our foundation due to its balanced archi-
tecture and open-source availability, which enables fine-grained
storage-level optimization and implementation-level exploration.

To maintain consistency between storage formats, HTAP sys-
tems propagate updates from the row store to the column store
using asynchronous synchronization, allowing OLTP transactions
to commit quickly. While this minimizes write latency, it may de-
lay analytical queries that rely on fresh data, leading to increased
query latency and reduced OLAP efficiency. Nevertheless, existing
cost estimators [2, 25] overlook synchronization-induced latency,
limiting their ability to guide storage layout decisions effectively
in hybrid workloads.

2.2 Problem Statement

Definition 2.1. (JORC Problem). Given an HTAP workload W and
a set of tables T, the Joint Optimization for Row and Column stores
(JORC) problem seeks an optimal storage layout L that maximizes
system performance. The layout L = {P, C} is defined as follows:

e Row Store Configuration: Partitioning T into disjoint subsets
P = {Py,..., P} via vertical and horizontal partitioning.

e Column Store Configuration: Selecting a subset of partitions
C C P to be stored in column store replicas.

Given the inherent challenges in explicitly quantifying workload
isolation and data freshness and jointly evaluating their impact, we
adopt execution time T(W) as a unified proxy metric that implic-
itly captures both system characteristics. Execution time naturally
reflects the combined impact of these factors: higher freshness re-
duces staleness-related delays in analytical queries, while stronger
isolation mitigates contention and rollback overhead in transac-
tional workloads and reduces execution time. The problem can be
formally represented as:

U Pi=T, CCP.
P;eP

argL:?}%} T(W,L), s.t. (1)

Definition 2.2. (Dynamic JORC Problem). Consider a historical
workload W = {q1,q2, . .., qn}, where g represents a query within
the workload. The initial storage layout is L = {P, C}. Let’s assume
the current workload has changed to W’ = {¢/. ¢35, 45, ..., gy}, the
new storage layout is L’ = {P’, C’}. The execution time of workload
W’ under layout L’ is denoted as T(W’, L"), and the data movement

time from L to L’ is denoted as M (L, L"). Our objective is to identify
an new configuration L’ that maximizes overall benefit B, where B is



Table 1: Comparison of HTAP System Characteristics. Here, T indicates high, | indicates low, and — indicates moderate level.

Method Storage Model Column Store Partitioning Isolation | Data Freshness
TiDB [25] | Row and Column Store Table-Level User-Defined ) l
Peloton [8] | Row or Column Store | Partition-Level Column Clustering l )
Proteus [2] | Row and Column Store | Partition-Level Half Partition — —
Jasper Row and Column Store Selective Adaptive Horizontal and Vertical Partition ) )

defined as the execution time reduction of workload W’ between the
two configurations minus the data movement overhead M(L,L").
The problem can be formally represented as:

argmax;, B=T(W',L) -T(W',L") + M(L,L") (2)

2.3 Analysis of Related Work

An HTAP storage optimization framework involves two fundamen-
tal dimensions: (1) how to determine the optimal combination of
partitioning and storage formats, and (2) how to efficiently and ac-
curately evaluate candidate configurations. We first review related
work in the two areas, which together motivate our approach.

2.3.1 Storage Layout and Formats. Table 1 summarizes storage
strategies in representative HTAP systems. Some systems store
each data item in only one format—row or column. Peloton [8]
follows this model by assigning a row or column store to each parti-
tion based on access patterns. This avoids replication and preserves
freshness but offers limited OLTP-OLAP isolation, leading to inter-
ference. Other systems [2, 6, 7, 10, 25, 28, 37, 56] maintain both row
and column replicas to improve isolation—for example, TiDB keeps
dual-format replicas per table—though this adds synchronization
overhead and reduces freshness. Proteus [2] allows each partition
to use a row store, a column store, or both, but does not model the
synchronization cost when dual formats are enabled. Its partition-
ing strategy is also heuristic, relying on key-range horizontal splits
and evenly divided vertical partitions, limiting its ability to balance
freshness and isolation.

Beyond storage-centric designs, some work focuses solely on
partitioning, independent of storage models. Horizontal partition-
ing [17, 18, 23, 24, 36, 39, 42, 58] splits tables by rows to improve
parallelism and separate hot from cold data, while vertical parti-
tioning [8, 9, 19, 53] divides tables by columns to enhance cache
efficiency and enable selective access. Cracking [26] incrementally
reorganizes data based on query patterns. However, these layout
techniques are generally static or not designed for systems that
maintain dual storage formats.

Takeaway for Jasper. These limitations show that neither stan-
dalone partitioning nor simple dual-format replication fully unlocks
HTAP performance. Replicating both row and column stores im-
proves isolation but introduces heavy synchronization costs and
lacks fine-grained control, while static key- or column-based par-
titioning assumes a row-store design and ignores its interaction
with column-store placement. These challenges highlight the need
for a unified, workload-aware framework that jointly optimizes
partitioning and storage-format decisions in HTAP systems.

2.3.2  Evaluation Models for Storage Configuration. Previous storage-
advisor studies fall into two categories: optimizer-dependent and
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optimizer-independent. Optimizer-dependent methods [4, 12, 13,
26, 29, 40, 46] use “what-if” calls to evaluate storage configurations
via the optimizer, but incur high overhead from repeated plan gen-
eration, making them impractical for large or real-time workloads.
Prior tuning studies [41, 55] have shown that over 75% of the total
tuning time is spent querying the optimizer for plan generation
under different configurations. Optimizer-independent methods
follow two approaches: heuristics [1-3, 9, 35, 47, 49, 55, 58] estimate
execution costs based on empirical models, while learning-based
methods [24, 60, 61] train predictive models on historical query
data. However, heuristics often lack accuracy, and learning-based
approaches require large datasets, high computation, and may gen-
eralize poorly to new environments.

Takeaway for Jasper. These limitations highlight the need for
a storage evaluation approach for HTAP systems that is both ef-
ficient and accurate while avoiding frequent optimizer intrusions.
In particular, HTAP workloads require evaluating not only query
execution cost but also the modeling the interaction effect and syn-
chronization overhead introduced by maintaining row and column
replicas—an aspect largely overlooked by prior work [2, 52].

3 OVERVIEW

Figure 3 presents the architecture of Jasper, which comprises three
key components: adaptive storage optimization, incremental stor-
age update and storage evaluation model.

Adaptive Storage Optimization aims to select optimal data
partition and column replicas based on workload and data charac-
teristics. To jointly optimize data layout, Jasper constructs a struc-
tured search space composed of three types of actions: (1) vertical
partitioning, which either creates new disjoint column groups or
modifies existing ones; (2) horizontal partitioning, which selects a
partition key for each vertical partition to split data by rows; (3) col-
umn store selection, which determines whether to apply columnar
storage to each vertical partition. This space is modeled as a decision
tree, where each node represents a partial storage configuration
and is generated by applying an action to its parent. To address the
combinatorial complexity and interdependence of layout decisions,
Jasper leverages a utility-priority model that analyzes workload
characteristics to indicate low-impact combinations and capture
decision dependencies. Building on this foundation, Jasper employs
MCTS-HTAP, a workload-aware search algorithm that extends
Monte Carlo Tree Search with utility-guided and priority-driven
pruning strategy, enabling the system to focus on promising node
and high-impact actions while avoiding unnecessary expansions.
As shown in Figure 3, the yellow nodes represent promising nodes,
the blue nodes denote unpromising nodes, and the dashed nodes
indicate child nodes generated by candidate actions. Instead of uni-
formly expanding the search tree, MCTS-HTAP selects promising
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Figure 3: The Jasper Overview.

nodes for expansion while simultaneously prioritizing high-value
actions and adaptively pruning unpromising ones.

Storage Evaluation Model efficiently evaluates storage config-
urations without actual data redistribution. Unlike “what-if” call or
existing HTAP optimizers, it is non-intrusive, which avoids spend-
ing much time querying the optimizer for plan generation. To better
model the execution costs of workloads in HTAP scenarios, we gen-
erate execution cost tree to represent the query cost, including
operator cost, synchronization cost and data transformation cost
(row-column format conversion). The generation of the execution
cost tree relies on the query logical plan, instantiating physical op-
erators under the given storage configuration while incorporating
costs for data synchronization and data transformation. As shown
in Figure 3, the blue RowScan Cost and ColumnScan Cost are the
instantiated operator costs, the yellow Sync Cost and Transform
Cost represent the specific costs of data synchronization and data
transformation in HTAP systems. To enhance estimation accuracy
to the deployed system and environment, we propose a lightweight
learning method to calibrate cost estimation parameters.

Incremental Storage Update adapts to dynamic workloads
while eliminating the need for reinitializing the entire optimization
pipeline from scratch. Upon detecting a mismatch between current
workload and historical access pattern, it first constructs a compact
candidate action set, e.g., modifying an ill-suited partition key or
disabling unnecessary column-store replicas based on workload
variations analysis. To avoid excessive overhead from data redis-
tribute, Jasper models reconfiguration cost of each candidate action
to estimate the net benefit. The current state in the policy tree is
then incrementally expanded by applying these candidate actions
using the MCTS-HTAP policy with maximizing net benefit as objec-
tive. By serving as a focused search frontier, the identified compact
action set reduces further accelerates the search convergence.
Workflow. Given a workload, Jasper first invokes adaptive stor-
age optimization to explore candidate layouts, guided by fast cost
feedback from the storage evaluation model. After establishing a
baseline layout, incremental storage update monitors workload
shifts and, with support from the evaluation model, applies small
but high-impact storage adjustments, ensuring continuous opti-
mization with minimal overhead.

Implementation Jasper is built on TiDB without altering its
internal concurrency-control logic and relies on TiDB’s MVCC and
Raft mechanisms to ensure transactional consistency across row
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and column replicas. All layout transformations—including reparti-
tioning and column-store adjustments—are performed through an
online, non-blocking reconfiguration process that asynchronously
builds the new layout, synchronizes updates in the background,
and atomically switches to the new version once consistency is
achieved. More details can be found in the technical report [27].

Jasper is designed to operate in the background while keeping its
behavior observable and explainable through user-facing interfaces.
Users can enable or disable Jasper, configure its parameters, such
as refitting its evaluation model on recent observations, through
built-in UDFs. The storage layout configured by Jasper is persisted
as physical metadata within TiDB and is used directly by the query
optimizer. Users can inspect its impact on query execution through
EXPLAIN ANALYZE, including whether partition pruning is applied
and which storage formats are used. To support troubleshooting
and diagnosis, Jasper logs each layout reconfiguration event, includ-
ing the trigger time, affected partitions, and old and new layouts.

4 ADAPTIVE STORAGE OPTIMIZATION

We propose MCTS-HTAP, a utility-guided and priority-driven search
algorithm designed for HTAP storage optimization. The core idea is

to leverage the mixed and highly skewed read-write access patterns

of HTAP workloads and their interactions between row and col-
umn stores to differentiate states and actions likely to deliver higher

performance gains. Based on these insights, a variant search algo-
rithm adaptively prunes low-utility regions, executes high-priority

actions early, therefore concentrating depth-wise exploration on

promising regions of the search space.

4.1 Adapting MCTS for JORC

We adopt an MCTS-based algorithm because it balances exploration
and exploitation, allowing efficient navigation of a large search
space without exhaustive enumeration. This section outlines how
we adapt MCTS to the JORC problem, with algorithm presented in
Sections 4.2 and 4.3.

State represents a candidate configuration of partitioning and col-
umn store, with each state corresponding to a node in the tree.

Example 4.1. Given n tables and m columns, each vertically par-
titioned into p segments, the number of candidate configurations
grows factorially as O([2(m/p)!]"P), illustrating a severe combina-
torial explosion. Even moderate values of n, m, p make exhaustive
search infeasible.

Action represents a decision at a given state—such as applying table
partitioning or enabling a column store for a partition. Executing an
action moves the system to a new state, creating a child node in the
search tree. Each state has a set of executable actions, including all
valid partitioning and column-store operations. Partitioning actions
are classified as horizontal or vertical; horizontal partitioning selects
or adds a column as a partition key within an existing vertical group
to split data horizontally.

Example 4.2. A horizontal partitioning action selects a key col-
umn (e.g., o_entry_d) for dividing a vertical partition (e.g., o_id,
o_entry_d, o_amount). Vertical partitioning moves columns across
partitions—e.g., moving o_address from P1 to P2. Selective column



store enables column store for specific partitions (e.g., P1), and this
setting is inherited by sub-partitions created later in the search.

Reward is the cumulative gain or benefit obtained by executing
a sequence of actions starting from a given state. The reward is
estimated by the evaluation model in the simulation phase and it is
updated during the backpropagation phase.

The MCTS search process involves four main steps: (1) Selec-
tion, where the algorithm traverses the tree from the root to an
expandable node using a policy ; (2) Expansion, where the node
randomly executes an unexplored action to add a new child node;
(3) Simulation, where a roll-out estimates the reward from the
new node; and (4) Backpropagation, where the obtained reward
is propagated back up the tree.

4.2 Priority and Utility Model

Given the combinatorial explosion and high dimensionality of the
search space, traditional MCTS converges slowly and wastes ef-
fort exploring low-value configurations—e.g., using rarely accessed
columns as partition keys, which offers little pruning or join benefit.
To address this, we introduce a priority—utility model that unifies
the search space and assigns utility to states and priority to actions
based on workload analysis.

Definition 4.3. (Priority). Priority represents the execution pref-
erence of an action, denoted by P (S, a;). It reflects the expected
benefit of executing action g; in the given state S. Action with a
higher priority is more likely to be executed. During node expan-
sion, there are often multiple candidate actions, each leading to
different rewards. We use priority to preferentially explore actions
that are more likely to yield higher rewards.

Definition 4.4. (Utility). Utility measures the potential explo-
ration benefit of a state (i.e. node). We define the utility of a node as
the average priority of its remaining executable actions. The utility
of state S is given by:

S =2 Y PS.a)

a;€A,

®)

Here, A, denotes the set of remained executable actions, and n
represents the number of such actions. As node S is progressively
expanded, its utility U(S) tends to decrease, reflecting the dimin-
ishing number of remaining high-priority actions. It quantifies the
expansion potential of a node: a higher utility indicates the presence
of high-gain actions that have not yet been executed, suggesting
that the node is more promising for expansion.

Priority and utility are determined by workload characteristics,
particularly column-level read/write frequencies. Write-intensive
columns should remain in row store, while read-intensive ones
benefit from column store. Thus, actions involving read-heavy
columns for partitioning or column store receive higher priority.

Workload-Aware Prioritization. We compute the priority of
each action based on the access characteristics of its associated
columns. Let ‘W denote the workload and C the set of columns.
For a column ¢; € C and transaction Ty € W, let cf’r and ci.c’w
denote the read and write frequencies of ¢; in T.. The read/write
frequency is computed at the operator level. A column’s read fre-
quency increases when the associated operator performs a full-table
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scan, range scan, aggregation, or join. A column’s write frequency
increases when the operator corresponds to an update, insert, or
delete action. We define the priority of column c; as follow:

ple)= D (cfr—cf™),

TrewW

©

where higher priorities are assigned to read-intensive columns,
while write-intensive columns receive negative values. To facilitate
subsequent computations, we normalize these priority values to
the range [0, 1], denoted as p.

Building on the fine-grained column-level modeling, we compute
the priority of each action based on the priorities of the associated
columns. Let C.a denote the set of columns involved in action
a. For example, in the case of a partitioning action, C.a refers to
the columns used as partition keys; for a column store action, it
denotes the columns contained within the corresponding partition.
We define the priority of the i-th action a; in state S as follows:

X plej)
P(S,a;) = _elCay (5)
YTy Y by

Ak cje{C.ar}
Here, aj. denotes the set of all executable actions in state S. Notably,
an action’s priority is independent of the specific state in which it
occurs, as it is derived solely from workload analysis. Each state
may have multiple executable actions—some of which have already
been expanded into child nodes, while others remain unexplored.

4.3 MCTS-HTAP Search

We summarize the core steps of MCTS-HTAP—utility-guided se-
lection, priority-driven expansion, and simulation with backprop-
agation—as shown in Algorithm 1. This design directs the search
toward promising configurations while pruning low-value regions,
reducing the search space and accelerating convergence.

Step 1: Utility-Guided Selection. This step selects the most
promising node using a utility-guided strategy (line 9). Starting
from the root (a configuration without partitioning or column store),
the algorithm traverses the tree by prioritizing high-utility nodes,
enabling deeper exploration of promising paths and early pruning
of low-value ones. A node is expanded only if its utility exceeds a
threshold 0; otherwise, its children are examined. The threshold
gradually decreases to ensure full exploration. When choosing
among child nodes, the algorithm uses UCB1 to balance exploration
and exploitation, selecting the node with the highest UCB1 score.
UCBI1 is a bandit-based strategy that selects the child node with the
maximal estimated average reward and an uncertainty term that
decreases with the number of visits (defined in Line 12). N(node)
is the total number of visits to node, and N (node, a;) is the number
of visits to action a; in node. c is the exploration constant (typically
set to 2 or determined through parameter tuning). This process
repeats until a high-utility node or a leaf is reached.

Example 4.5. As shown in Figure 4, traditional MCTS would still
expand a node whose action a4 has a low priority (0.05), wasting
exploration. MCTS-HTAP instead checks the node’s utility (0.05),
skips it because it is below the 0.1 threshold, and moves to the child
with the highest UCB1 score. That child, whose actions al, a2, and
a3 yield a utility of 0.18, exceeds the threshold and is selected.



Algorithm 1: MCTS-HTAP
1 Function MCTS-HTAP (root, N)

Input :root: initial node; N: number of iterations
Output:Best node

2 fori < 1to N do

3 node < root;

4 node « Utility-Guided Select(node);

5 node’ « Priority-Driven Expand(node);

reward < Simulate(node’);
7 Backpropagate(node’, reward);

8 return node with highest average reward;

9 Function Utility-Guided Select(node)
while node is a non-leaf node do
if U(node) < 6 then

node « arg max; (R(node, aj)+c- 1&%);

// Skip expanding the node

10
11

12

else
L return node; // Expand the node

13
14

15 return node;

Function Priority-Driven Expand(node)
Actions = Get_Executable_Actions(node);

16
17
for action in Actions do

L Priority_Assign(action);

18
19

20 action « Priority_Choose(Actions);

21 node’ « node.Take_Action(action);

22

return node’;
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Figure 4: MCTS-HTAP Search.

Step 2: Priority-Driven Expansion. This step generates a new
node by applying an executable action given the selected node
(line 16). However, a node may possess numerous executable ac-
tions, each with different exploratory value. Exhaustively enumer-
ating all possible actions is both computationally expensive and
often unnecessary. To address this, Jasper adopts a priority-driven
approach rather than selecting actions uniformly at random. For
each node, we first identify its set of executable actions and com-
pute the priority of each action as described in Section 4.2. To select
an action for expansion, the algorithm invokes Priority_Choose,
where the selection probability of each action is proportional to its
priority. This mechanism favors actions involving read-intensive
columns for partitioning or columnar storage, while write-intensive
columns are more likely to be retained in row store.
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Example 4.6. As shown in Figure 4, traditional MCTS randomly
expands one of three candidate actions, even if its priority is only
0.05. In contrast, MCTS-HTAP computes action priorities and se-
lects an action probabilistically according to its priority.

Step 3: Simulation and Backpropagation. Estimating a new
node’s long-term benefit is challenging, as it depends on future
decisions. MCTS-HTAP addresses this via simulation: once a child
node is expanded, a random sequence of actions is taken until a
terminal state is reached. The terminal state refers to reaching
a predefined maximum depth. The evaluation model (Section 5)
computes the reward as the estimated reduction in workload ex-
ecution cost. This reward is propagated backward along the path
traversed during selection and expansion, and updates visit counts,
cumulative rewards, and utility. After a set number of iterations,
the node with the highest average reward is selected as the final
configuration.

4.4 Incremental Storage Adjustment

When workload evolves, the existing storage layout may become
suboptimal. However, re-running the full optimization from scratch
introduces significant overhead and incurs high cost of data move-
ment. To address this, we propose an incremental update mecha-
nism that restricts the search space based on detected workload
variations and incorporates data movement cost into the decision
process. Our method comprises two steps: Variations-Driven Can-
didate Generation and Movement-Aware MCTS-HTAP Search.

Variations-Driven Candidate Generation. It uses workload
windows to detect workload variations, defined as changes in the
access frequency of columns. A historical window (W) records the
workload that led to the current configuration, while a sliding win-
dow (W) captures the current workload. If the relative deviation
between W’ and W exceeds a deviation threshold, Jasper gener-
ates candidate update actions on columns with large access-pattern
shifts, such as modifying their partition keys or storage formats. It
then performs a fast MCTS-HTAP search over this restricted candi-
date space, avoiding the overhead of exploring the full action space.
A new configuration is applied only if the expected performance
gain outweighs the data-movement cost. Upon reconfiguration, W
is updated with the latest workload. Drastic workload or schema
changes are not within the scope of this work.

Movement-Aware MCTS-HTAP Search. To ensure practi-
cal and efficient updates, we jointly consider both the expected
performance improvement and the movement overhead when se-
lecting a new configuration. We estimate the data movement cost
using a hybrid cost model. For the affected data, we approximate
its movement cost as the sum of (1) the scan cost of the affected
data and (2) the I/O cost of loading it into the new layout. Both
components are measured in time for cost alignment. The scan cost
is estimated using the evaluation model in Section 5. To estimate
the I/O overhead, we construct a predictive model that captures the
empirical relationship between data volume, I/O bandwidth, and
observed load time. Specifically, we apply linear regression over
historical traces to fit a cost function of the form:

Vdata

" Bandwidth *p

Tio=« (6)



where Tyo represents the I/O cost, V;,;, and Bandwidth refer
to the data volume and I/O bandwidth respectively, « and f are the
learned parameters.

We employ MCTS-HTAP to search for the updated storage con-
figuration L’ that maximizes B. The search initializes from the
current configuration L with the search space restricted by the
selected candidate actions. Referring to Section 4.2, we calculate
the priority of the current action and the utility of the tree nodes.
Considering only adjusted data requires data movement, we de-
note the corresponding partitions and column stores as P and C
respectively, and their associated data volume as Vpp and Vac. This
allows the benefit of adjusting the layout, B, to be rewritten as:

Vap +Vac
Bandwidth

where Tscqn is the scan time of affected data. In incremental
adjustment, MCTS-HTAP uses B(L, L’) as the reward for each node.
The selection, expansion, simulation and backpropagation step fol-
low the description in Section 4.3. After a fixed number of iterations,
the configuration L” with the highest average B value is selected as
the new configuration.

B(L,LL)=TW',L) -T(W',L") + « - + B+ Tscan (7)

5 STORAGE EVALUATION MODEL

We introduce the execution cost tree (Section 5.1) to enable optimizer-
independent and multi-dimensional cost estimation for HTAP work-
loads. We also employ a lightweight learning mechanism to enhance
estimation accuracy (Section 5.2). To illustrate this approach, we
use the query optimization mechanism in TiDB as an example, but
the concept is generalizable to other database systems.

Definition 5.1. (Execution Cost Tree). The execution cost tree is a
hierarchical representation of a query plan that models the execu-
tion cost of each operator independently. Compared to a traditional
physical plan tree, it additionally incorporates data synchroniza-
tion and data transformation costs, making it well-suited for the
complex cost dynamics of HTAP systems.

5.1 Execution Cost Tree Generation

This section discusses how to efficiently generate execution cost
tree under a given storage configuration by maintaining the storage
metadata, caching logical plan, and deriving the cardinality.

Storage Metadata Maintenance. To support fine-grained cost
analysis in hybrid storage environments, we maintain a unified
metadata schema that captures both partitioning and physical stor-
age characteristics, forming the foundation for accurate cost esti-
mation. Partition Metadata includes the partitioning information
for each table, such as horizontal partitioning keys and vertical
partitioning structures. For each partition, it records statistics such
as the key range (min, max) and shape of each partition (the num-
ber of associated rows and columns). Row/Column Store Metadata
includes the type of storage model (row or column) of each parti-
tion. Given a storage configuration, Jasper updates the metadata
accordingly, deriving partition statistics from column histograms
without requiring actual data redistribution.

Logical Plan Tree Caching. To eliminate redundant optimizer
invoke, we cache logical query plans (preserving join orders, filters,
etc.) and dynamically instantiate physical operators (e.g., TableScan
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or HashJoin variants) based on storage configurations. For instance,
the Scan operator has two variants depending on the storage format:
a scan over the row store and a scan over the column store. For Join
operator, we follow the optimizer’s default criteria, using HashJoin
for most cases and switching to SortMergejoin when sorting is
involved. Specifically, the storage layout affects HashJoin placement.
If the two input tables use different storage models, the row store is
typically assigned as the build side due to its efficiency in hash table
construction, while the column store is assigned as the probe side
to leverage its high columnar scan capabilities. If both tables share
the same storage model, the larger table is assigned to the probe
side to minimize memory consumption and improve performance.

Partition-driven Cardinality Derivation. Partitioning config-
urations directly influence query access patterns. While predicate
selectivity remains logically unchanged, the actual scan scope, i.e.,
the number of rows and columns accessed, can vary depending
on how data is physically partitioned. This, in turn, alters the car-
dinality of Scan and Selection operators. Jasper prunes partitions
to narrow the physical scan scope, but the Scan output cardinal-
ity remains logically determined by the query predicates. There-
fore, given a storage configuration, Jasper re-evaluates predicate
coverage based on the updated partition ranges and adjusts the
cardinality for cost estimation to reflect the accessed data change.

Execution Cost Tree Generation. Based on the storage meta-
data, cached logical plan and derived cardinality, Jasper generates
an execution cost tree for each query under a given storage con-
figuration. The execution cost tree incorporates three distinct cost
components: (1) physical operator execution cost, (2) data synchro-
nization cost, and (3) data transformation cost. Physical operators
are instantiated directly from the cached logical plan while preserv-
ing the original query structure. The operator cardinality is derived
based on partition characteristics. For data synchronization, we
account for potential latency when ColumnScan operators access
recently modified data, as columnar stores may require synchro-
nization with the latest updates. This synchronization overhead is
explicitly modeled in our cost estimation. Data transformation cost
arises when performing join operations with columnar data, which
necessitates format conversion from columnar to row format. We
explicitly capture this through our TransformCost in the cost tree.

Example 5.2. Figure 5 depicts the execution cost tree construc-
tion. Table A is row-stored and horizontally partitioned by key al.
Table B employs a hybrid storage model: it is vertically splitted, with
one segment further partitioned by key b1. Based on the cached
logical plan and storage metadata, scan operators are instantiated
as RowScan or ColumnScan costs, including Sync and Transform
overheads where applicable. Partition pruning restricts the scan
scope to P1, P2 (Table A) and P3, P4 (Table B), with cardinalities re-
trieved from metadata. The join is modeled as a HashJoin, utilizing
Table A as the build side and Table B as the probe side.

5.2 Cost Estimation and Learning

Jasper estimates the cost for each node (i.e. operator) in the execu-
tion cost tree and aggregates them as the total execution cost. To
improve the accuracy, we calibrate related parameters specific to
the storage configurations.
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Figure 5: Execution Cost Tree Generation.

Operator Cost. Building on metadata and cardinality derivation,
Jasper predicts the cost of individual node utilizing formula-based
model with calibrated parameters. It is shown that formula-based
models incorporate prior expert knowledge, making them robust
and comparable to neural-network-based models when properly
calibrated for storage engines and hardware [57]. Specifically, we
derive engine-specific cost functions based on the built-in formulas
in TiDB for estimating the common physical operators. For example,
for the Scan operator, its cost function is defined as:

@)

where rows represents operator cardinality, rowsize is the width
of all columns in the relevant partitions for row stores, while for
column store it includes only the queried columns. Scanfactor is
an engine-specific parameter that typically has a larger value for
row stores and a smaller value for column stores. To account for
the specific storage engine’s influence, we set different parameters
for each storage model. More cost functions are available in our
technical reports [27].

Data Synchronization Cost. We define synchronization cost
as the query delay caused by waiting for the updated data to be
synchronized in HTAP systems. While updates are applied to the
column store asynchronously, the replication lag introduces extra
read latency for analytical queries. It introduces non-trivial read
latency as the intensity and frequency of transactional updates
increase. However, quantifying this synchronization overhead is
inherently challenging due to the heterogeneity of synchronization
mechanisms across HTAP systems. Different implementations ex-
hibit varying cost characteristics, making it difficult to generalize
a deterministic cost model for accessing intermediate states. To
address this issue, we use the estimated volume of synchronized
data accessed by analytical queries as a proxy for synchronization
cost and learn the empirical relationship between synchronization
volume and increased query latency.

The volume estimation consists of the following steps. First, we
identify the data that require synchronization by analyzing the
transactional workload to identify the set of tables and columns
that have been recently modified. Next, the volume of data synchro-
nization is estimated based on each transaction’s data access size

Costsean = rows - log(rowsize) - scanfactor
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and its concurrency using catalog metadata such as column-level
storage size. Finally, for each analytical query, we examine whether
any of its accessed columns intersect with the previously identified
TP-updated columns. If such an intersection exists, we consider the
query affected by synchronization and attribute additional synchro-
nization cost accordingly. Above all, the data synchronization cost
is summarized as:

a- Y (rowsize; - con;) data intersected
t;eT

©)

no data intersected

Costsync =
0

where « is the parameter, T is the set of intersected OLTP transac-
tions, rowsizey, is the i-th intersected transaction’s data access size,
cony, is the transaction concurrency.

Transform Cost. Data transformation refers to converting
columnar data into row format, which involves scanning the rele-
vant columns and the corresponding rows. Thus, it is evident that
the cost of data transformation depends on both the column size
and the cardinality. Therefore, similar to the Scan operator, we
define the cost formula for data transformation as follows:

Costrans = rows * log(columnsize) * transfactor (10)

where rows represents the cardinality, columnsize is the sum of
related column sizes, transfactor is the transform parameter. We
derive the specific parameter values based on historical data.
Learning Parameter Calibration. To account for the specific
storage engine’s influence, we set different parameters for each
storage model. Besides, rather than relying on a generic cost model
for each engine, we empirically fit these parameters to the target
deployed system and environment. These parameters are calibrated
using operator-level execution latency data to ensure more accurate
cost predictions. Based on the collected data, a least-squares fitting
method is applied to infer the optimal parameter values that mini-
mize the discrepancy between estimated and observed latency. This
calibration process is lightweight and offline, requiring only a small
profiling samples, ensuring minimal overhead while maintaining
robustness and portability across different environments.

6 EVALUATION

In this section, we present our experimental evaluation that demon-
strates the effectiveness of Jasper storage adaption and how it sig-
nificantly improves the HTAP system performance. We compare
with other HTAP architectures, and discuss the generality of our
method in the technical report [27] due to limited paper space.

6.1 Setup

We deploy and conduct experiments using the open-source version
of TiDB v8.1.0 [25]. TiDB designs two separate storage engines,
a row store (TiKV) and a column store (TiFlash), and uses raft as
replication algorithm to synchronize the data between the two stor-
age engines. It asynchronously replicates raft logs to transform
row format to column format. We deploy TiDB with 3 TiKV nodes
and 1 TiFlash node distributed across two physical machines. Each
machine contains two Intel(R) Xeon(R) Gold 5220 CPUs, 128 GB
memory and Seagate Exos X18 disk, where a 1 Gbps network con-
nects two nodes. The operating system is CentOS 7.9. We construct
multiple clients that connect to TiDB via mysql.connector.



6.1.1 Baselines. We compare Jasper with state-of-the-art HTAP
storage advisors, namely Proteus [2], Peloton [8], as well as TiDB’s
default setting. To demonstrate the advantages of joint optimization,
we also compare with a two-stage optimization approach. For a fair
comparison, we carefully implement these methods on TiDB.

Proteus. An HTAP database system that autonomously changes
its storage layout to optimize for mixed workloads. It first vertically
splits the tables and partition the data based on the primary key,
then selects the storage models for each partition based on cost
functions without considering data synchronization overhead.

Peloton. An HTAP database system that assigns each data parti-
tion either column store or row store based on their query accessing
pattern. It first applies horizontal partitioning based on primary
keys, followed by vertical partitioning via column clustering, where
columns with strong correlations are grouped together. Read-heavy
partitions are stored in columnar model while the remaining parti-
tion is stored in a row model.

Two-Stage Optimization (TSO). We implement two indepen-
dently optimized techniques from commercial systems, i.e., Red-
shift’s partitioning techniques [42] and Oracle’s column store con-
figuration [31] in TiDB without joint coordination. Redshift models
tables and join relationships as a graph, and uses greedy expansion
based on the weights of nodes and edges to determine partition
keys. Oracle populates frequently read data in columnar format.

Greedy Optimization (Greedy). At each step, it uses the evalu-
ation model to assess the immediate performance gain of all possible
actions and greedily executes the one with the highest reward.

TiDB. TiDB’s default setting that partitions the data based on
the primary key without vertical partitioning. It maintains both
row store and column store replicas for all the partitions.

6.1.2  Workload. We conduct experiments using the CH-Benchmark
[15], Twitter [16], HyBench [59] and a real-world workload from

TiDB OSS for HTAP systems. The CH-Benchmark is a hybrid trans-
actional and analytical processing (HTAP) benchmark that com-
bines elements of TPC-C and TPC-H to evaluate a system’s abil-
ity to handle mixed workloads. We generate a dataset of 50GB in

size, which includes 200 warehouses. The Twitter workload sim-
ulates a social networking application that contains relationships

between users, tweets, and their followers. The workload includes

six OLAP transactions and three OLTP transactions following previ-
ous work [2]. We generate a 20GB dataset. The HyBench simulates

a real-world finance application and test QPS, TPS, and their hybrid

performance. The OSS workload is generated by an open-source

project OSS Insight [43] and encompasses a wide range of hybrid

tasks, including analysis, updates, trend detection, and rankings of
open-source software. It contains 2 TB of data, 6 tables and more

than 8 billion rows of GitHub event records.

To simulate various hybrid workload scenarios, we construct
three types of workload: OLTP-Heavy, Balanced, and OLAP-Heavy.
In the OLTP-Heavy workload, the ratio of transactional (TP) op-
erations to analytical (AP) queries is 10:1. The Balanced workload
maintains an equal ratio of 1:1 between TP transactions and AP
queries, where the OLAP-Heavy workload emphasizes analytical
processing with a TP to AP ratio of 1:10.

6.1.3  Metrics. We measure overall performance using completion
time, which is the execution time to complete workloads, with the
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Figure 6: Comparison of Workload Completion Time.

number of transactions executed by each client is fixed, following
previous works [2]. In addition, we also measure the throughput of
transactional queries executed in the row store (OLTP throughput)
and average latency for analytical queries executed in the column
store (OLAP latency). To better illustrate the trade-off between
isolation and freshness. We use H-Score, which is a unified metric
proposed by HyBench [59], quantifying the overall performance
of HTAP systems by integrating QPS, TPS, hybrid throughput and
data freshness.

6.2 Performance Comparison

We measure the completion (execution) time to complete the OLTP-
Heavy, Balanced, and OLAP-Heavy workloads. To conduct work-
load execution time experiments, we fix the number of OLAP trans-
actions executed by each client following previous work [2]. We
connect to TiDB with the number of clients set to 4, 8 and 16, and
each client sends either TP or AP requests to TiDB according to
the workload configuration.

Completion Time on Benchmarks. Figure 6 presents the
workload completion times of various systems under three hy-
brid workload scenarios. Jasper consistently achieves the shortest
completion times, with the most significant gains observed in the
OLTP-Heavy setting. This performance advantage is attributed to
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its joint adaptive storage mechanism, which reduces data synchro-
nization overhead and selects efficient partitioning strategies to
accelerate query execution. In contrast, Proteus and Peloton exhibit
longer completion times due to suboptimal partitioning and storage
configurations, while TiDB and TSO perform worse overall, lacking
an integrated optimization strategy for partitioning and columnar
storage. Improper partitioning significantly increases query la-
tency. These baselines partition strategies are heuristic and fail to
utilize the partition pruning. Compared to other methods, Jasper
reduces the average completion time by 20.72%-40.59% on the CH-
Benchmark and 20.43%-33.28% on the Twitter workload. These
results highlight Jasper ’s ability to improve the trade-off between
workload isolation and data freshness in HTAP systems, effectively
balancing both. Completion time increases as the proportion of TP
transactions rises due to heavier update workloads and the result-
ing data synchronization overhead. Moreover, higher thread counts
intensify resource contention, further degrading performance.
Throughput and Latency. To demonstrate the effectiveness
of our approach in hybrid workloads, we evaluate OLAP latency
under a balanced workload in the CH-Benchmark and assess OLTP
throughput using 20 clients. Figure 7 compares metrics across five
methods. Jasper achieves the lowest latency, outperforming TiDB
by 39.7%, and reducing latency by 28.39%, 19.9%, and 37.11% com-
pared to Proteus, Peloton, and TSO, respectively. OLTP throughput
remains comparable across all methods, as the primary bottlenecks
in transactional performance are not directly tied to partitioning
or storage format. A slight reduction in throughput for Jasper,
Proteus, and Peloton is observed, attributed to vertical partition-
ing, which decomposes tables into multiple sub-tables, introducing
overhead during insert and update operations. However, this parti-
tioning strategy enables more efficient columnar storage. Overall,
performance comparisons and ablation studies confirm that vertical
partitioning offers overall benefits in hybrid workload scenarios.
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Figure 10: Performance Comparison in Dynamic Workload.
Every five minutes, we vary the ratio of transactions, query
types, and the accessed partitions and ranges. The incremen-
tal update mechanism then determines whether the storage
configuration should be adjusted.

Table 2: Overhead Analysis.

Method First Call Time(s) | Subsequent Call Time(s)
Jasper (Ours) 348 6.7
Jasper-Optimizer | 1432 40

We further investigate the performance with the HyBench
benchmark [59]. Figure 8 shows the performance. Jasper consis-
tently achieves the highest QPS due to its joint adaptive storage
mechanism. Other methods exhibit lower QPS due to suboptimal
partitioning and storage configurations. Jasper achieves the highest
H-Score, indicating that our approach attains an optimal balance
between data freshness and workload isolation.

Evaluation on TiDB Production Workload. We implement
our approach on TiDB using real workloads OSS and compare its
performance against the best configuration provided by DBAs. As
shown in Figure9a, we evaluate workload completion times under
three scenarios: OLTP-Heavy, Balanced, and OLAP-Heavy. The
results demonstrate that our method reduces execution time by
16.67% to 21.16% compared to the DBA-optimized configurations.
Additionally, we present the latency of representative queries in
Figure 9b, illustrating that our approach significantly reduces the
latency of long-running queries.

6.3 Dynamic Workload Performance

To evaluate the effectiveness of Jasper’s incremental update strat-
egy, we construct a dynamic workload that changes every five
minutes by adjusting the ratio of transactions, types of queries,
accessed partitions and ranges. We allow Proteus, Peloton, and
TSO to generate a new configuration online. As shown in Figure
10, configuration transformations of Jasper only occur in the pe-
riods with a significant pattern shift, such as at the 6, 11, 26, and
31-minute marks. The performance of all five methods fluctuates
every five minutes in response to workload shifts. Overall, Jasper
consistently achieves the lowest latency and highest throughput,
maintaining its advantage across all workload phases. This is be-
cause Jasper rapidly adapts to workload shifts by incrementally
generating optimized configurations, ensuring high performance.
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6.4 Analysis of Jasper

6.4.1 Overhead Analysis. We analyze the execution overhead of
Jasper by measuring the time required for both initial and sub-
sequent invocations under changing workloads, including search
and evaluation phases. We also implement Jasper-Optimizer, a vari-
ant that invokes the query optimizer during each evaluation to
generate physical plans. As shown in Table 2, the initial invoca-
tion incurs higher latency due to the complexity of searching from
scratch across a large space. In contrast, subsequent calls under dy-
namic workloads are significantly faster, benefiting from incremen-
tal workload analysis that narrows the search space and improves
efficiency. Jasper also outperforms Jasper-Optimizer in execution
time, as the latter is dominated by overhead from repeated optimizer
calls and connection setup. For training, Jasper uses a lightweight
linear regression model, trained offline using data extracted from
logs within a defined time window, incurring no additional data
collection or runtime overhead.

6.4.2  Evaluation on Search Space Design. In these experiments, we
conduct ablation studies to demonstrate the effectiveness of the
joint search and MCST-HTAP. As shown in Figure 11, we compare
Jasper with three alternative approaches: optimizing column-store-
only, optimizing partitioning-only, and optimizing without vertical
partition. We evaluate their performance in terms of OLAP latency
and OLTP throughput. The experiments show that Jasper achieves
lower latency while maintaining comparable throughput to the
other methods. This demonstrates the effectiveness of jointly op-
timizing partitioning and column store. The Column-Store-Only
and No-Vertical-Partition approaches show slightly higher latency,
suggesting that both horizontal and vertical partitioning are nec-
essary. The Partition-Only method produces the highest latency,
emphasizing the importance of column store optimization.
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6.4.3  Evaluation on Priority Metrics. We compare with different
priority assignments on the search time and workload completion
time. As shown in Figure 12, R-Priority assigns priorities based on
read frequency, and W-Priority does so based on write frequency.
Higher read frequency results in higher priority, whereas higher
write frequency leads to lower priority. Rand-Priority assigns pri-
orities randomly, and Eval-Priority determines priorities according
to the benefit estimated by the evaluation model. The results show
that Jasper achieves the shortest search time to reach a similar
completion time, whereas the other methods require substantially
more time. Although Eval-Priority uses model-based priorities that
are more accurate, its heavy reliance on the evaluation model in-
curs significant overhead, resulting in much longer search time.
Overall, our priority strategies are able to identify high-quality con-
figurations within a relatively short time, and all priority methods
eventually converge.

6.4.4  Evaluation on Evaluation Model. We evaluate our evaluation
model for estimating performance under different data layouts and
compare its accuracy against Proteus’s cost model, a learning-based
SVR model [5], and the TiDB optimizer. Because these models out-
put estimated query costs that may deviate from actual runtimes,
we use ranking loss to assess accuracy, focusing on relative order-
ings rather than absolute values. We execute a variety of queries to
obtain ground-truth runtimes, apply each model to predict costs,
and compute ranking loss using Equation 11.

Pl

As shown in Figure 13a, we evaluate ranking loss under differ-
ent amounts of training data. Jasper consistently yields the low-
est loss. In contrast, Proteus and the TiDB optimizer show higher
loss because their formula-based operator cost models lack pa-
rameter calibration and cannot capture synchronization overhead.
The learning-based approach improves gradually as training data
increases, reflecting its dependence on large datasets; with lim-
ited data, its accuracy remains low. Figure 13b further compares
inference times: optimizer-independent methods like Jasper and
Proteus achieve low latency, whereas learning-based and optimizer-
dependent methods incur higher overhead due to repeated opti-
mizer interactions, making them costly in multi-round searches.

Ranking Loss = Z I [(1}, > 0;) A (yi < yj)] (11)

(i.j)eP

7 CONCLUSION

We proposed Jasper, a joint adaptive storage framework for HTAP
systems that addresses the isolation—freshness trade-off through in-
tegrated horizontal/vertical partitioning and selective column store
configuration. Guided by a workload-aware MCTS-based search
with lightweight cost modeling, Jasper efficiently explores the con-
figuration space and supports incremental reconfiguration to adapt
to workload shifts. Experimental results demonstrate that Jasper
reduces HTAP workload completion time by 20.43%-40.59%.
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