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Abstract—Shared-cache architectures decouple compute from
storage and employ local caches in compute nodes to reduce the
latency of accessing shared storage, achieving high availability
and elasticity. However, this design suffers from local cache
misses and cache coherence overhead. Transaction routing has
been widely used to mitigate these issues by routing transactions
that access the same data to the same nodes, improving cache
locality. Most existing routing approaches rely on row affinity,
i.e., routing transactions that access the same set of rows to
the same nodes. Since shared-cache databases typically maintain
distributed cache coherence at the page level, this mismatch can
cause redundant coherence traffic and degrade performance.

In this paper, we present PAT, a shared-cache database system
with page affinity-based routing, which routes transactions that
access frequently co-accessed pages to the same compute node,
reducing local cache misses and cache coherence overhead.
Since SQL does not reveal which pages will be accessed before
execution, PAT abstracts pages using key ranges to enable page
affinity-based routing. This is based on the ordering property of
widely used clustered indexes. Moreover, page updates may cause
key ranges to become misaligned with pages, leading to significant
cache coherence overhead. To address this issue, we introduce the
route-aware page reorganization mechanism. Experiments show
that PAT achieves 1.03×-14.36× higher throughput than state-
of-the-art approaches under TPC-C and YCSB.

Index Terms—Transaction Routing, Shared-Cache Database,
Data Partitioning, Page Reorganization.

I. INTRODUCTION

The shared-cache architecture has emerged as a promis-
ing design for cloud-native databases due to its availability
and elasticity [1]–[9]. It decouples compute from storage,
enabling independent and elastic scaling of resources. Each
compute node caches frequently accessed pages to accelerate
subsequent transactions. With high-speed interconnects such
as RDMA [10], [11] and CXL [12], these local caches are
combined to form a coherent, distributed shared cache. This
design reduces data access latency by allowing compute nodes
to fetch cached pages directly from other compute nodes rather
than from the slower shared storage.

Shared-cache databases face expensive local cache misses
and cache coherence costs. Compute nodes must load all
relevant pages into their local cache before executing a transac-
tion [2], [3], [6]. When required pages are not cached locally,
expensive remote accesses are incurred. Due to the orders-
of-magnitude latency gap between accessing remote nodes
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Fig. 1: Comparison of different routing approaches. Four trans-
actions are routed based on different routing approaches. The
routing table represents data affinity. Frequently co-accessed
data has the same Node ID, which means that the transactions
accessing them are routed to the same node.

(including remote caches and storage nodes) and local caches,
such local cache misses can lead to substantial transaction
latency [1], [13]. Second, when multiple compute nodes cache
the same pages, updates to any replica require synchronization
among page replicas on all nodes. This update blocks con-
current transactions accessing that page on another node to
ensure consistency, resulting in increased transaction latency
and degraded performance [3], [5].

Transaction routing, which routes transactions that access
the same data to a single node, is widely used to improve cache
locality and minimize the overhead of cache coherence. Many
existing routing methods [14]–[35] rely on row affinity, i.e.,
the co-access frequency between rows. They route transactions
that frequently access the same set of rows to the same nodes.
This causes a page to be accessed by multiple nodes when the
rows it contains are updated by transactions routed to different
nodes. As shown in Figure 1a, based on the accessed row ID
and the routing table, transactions Tx1 and Tx2 are routed to
node 1, while Tx3 and Tx4 are routed to node 2. However, the
rows updated by Tx2 and Tx3 are stored in the same pages
P2 and P3. As a result, P2 and P3 will be updated by both
nodes, resulting in cache coherence overhead and degrading
performance. The reason can be attributed to the mismatch of
row affinity-based routing and page-based data organization,
which brings a fundamental challenge to row affinity-based
routing. Therefore, it is essential to route transactions based
on page affinity instead of row affinity.



To this end, we propose PAT, a shared-cache database
system that routes transactions based on page affinity. As
shown in Figure 1b, with page affinity-based routing, Tx1

and Tx4 are routed to node 1, while Tx2 and Tx3 are routed
to node 2. Compared to the row affinity-based routing, this
reduces cache coherence overhead on P2 and P3. While PAT
improves cache locality and reduces coherence overhead, it
introduces several challenges.

First, it is difficult to determine the set of pages a transaction
will access before executing. SQL statements typically specify
only table names and predicates, without revealing the pages
that will be accessed until execution. To address this challenge,
PAT abstracts pages through key ranges based on the order-
ing property of clustered indexes [36], [37]. Since clustered
indexes store rows in primary key order, rows represented
by a given key range are typically located in a contiguous
sequence of pages. As a result, a key range typically maps to
a set of pages. This abstraction eliminates the need to identify
specific pages during routing, while enabling page affinity to
be modeled through key range affinity.

Second, page affinity evolves due to page updates and
workload shifts. Operations such as page splits and merges can
redistribute rows across pages, changing previously observed
page affinity. Similarly, changes in transaction access patterns
can also change page affinity, as transactions may begin to
access different sets of pages over time [38]. To address
this challenge, PAT models transactions as graph updates and
constructs a key range co-access graph over a period of time
to capture the most recent key range affinity. By periodically
partitioning this graph, PAT identifies frequently co-accessed
ranges and routes the transactions that access them to the same
node, thereby adapting to changing page affinity.

In addition, static key ranges cannot perfectly align with
pages under page updates. Consequently, a page may still
be accessed by multiple nodes, incurring cache-coherence
overhead, especially for hot pages. To mitigate this, we
propose route-aware page reorganization, which periodically
reorganizes hot pages to align them with key ranges, thereby
reducing cache coherence overhead.

In summary, we make the following contributions.

• We propose page affinity-based transaction routing for
shared-cache databases. By abstracting pages with key
ranges and capturing their affinity in a key range co-access
graph, our approach groups frequently co-accessed ranges
using graph partitioning. This enables page affinity-based
routing that reduces both local cache misses and cache
coherence overhead.

• We propose route-aware page reorganization to address the
misalignment between key ranges and pages. This mis-
alignment often causes a page to be accessed by multiple
nodes, resulting in cache coherence overhead. To mitigate
this issue, PAT reorganizes page layouts so that they are
aligned with key ranges.

• We design and implement a shared-cache database proto-
type, PAT, which routes transactions based on page affinity

to reduce both local cache misses and cache coherence
overhead. Experimental results show that PAT achieves
1.03×-15.53× performance improvement over state-of-the-
art routing schemes.

II. RELATED WORK

Table I summarizes existing partitioning/routing methods.

A. Architectures and Partitioning/Routing

In shared-nothing databases, data partitioning and transac-
tion routing are tightly coupled. Data is partitioned across
multiple nodes, and transactions are routed to the nodes that
host the required data. When a transaction spans multiple parti-
tions (i.e., distributed transactions), the system must coordinate
across nodes (e.g., 2PC) to ensure atomicity and consistency.
As a result, most shared-nothing systems aim to minimize
distributed transactions through careful partitioning [22], [24]–
[28], [34], [39]. Moreover, T-Part [29] and Hermes [41] im-
prove performance through routing in deterministic databases.

On the other hand, in shared-cache databases, transaction
routing is decoupled from data partitioning due to the sep-
aration of the compute and storage [42]. Compute nodes
are responsible for processing transactions. The storage layer
manages data partitioning, which is transparent to the compute
nodes. A transaction can be routed to any compute node
without relying on the storage layer’s data partitioning. When
pages that are accessed by a transaction are not cached by the
compute node, these pages are fetched from other compute
nodes or storage nodes. This decoupling enables the system
to exploit transaction routing to improve cache locality and
reduce cache coherence overhead across nodes.

B. Affinity Granularity and Technique

Affinity Granularity. Most existing work leverages row affin-
ity, since they explicitly co-locate frequently co-accessed rows
to minimize distributed transactions [22], [24]–[29], [34], [41].
Particularly, T-Part models dependencies between transactions
through accessed rows. As a result, it makes routing deci-
sions based on row affinity. However, shared-cache databases
organize data at the page level. Even if two transactions
access disjoint rows, they may still contend on the same page
across nodes, triggering page-level cache coherence overhead.
In contrast, E-Store [40] ignores data affinity and partitions
hot and cold data independently across nodes, resulting in
numerous distributed transactions. Accordion [39] co-locates
data partitions that are frequently accessed together to reduce
distributed transactions and preserve partition affinity under
elastic scaling. However, partition is coarse-grained and cannot
capture the rapidly changing page affinity.

Technique. There have been many graph-based methods [22],
[24], [25], [28], [29] that model the workload as a graph
to capture its characteristics. For example, Schism [22],
SWORD [24], and Clay [28] model co-access relationships
among rows through a co-access graph, where vertices repre-
sent rows and edges denote that two rows are co-accessed by



TABLE I: Summary of Existing Partitioning and Routing Methods.

System Architecture Partitioning / Routing Affinity Granularity Technique
Type Vertex Edge

Horticulture [26] Shared-nothing Partitioning Row-level Large-neighborhood search - -
JECB [27] Shared-nothing Partitioning Row-level Join-extension - -

Accordion [39] Shared-nothing Partitioning Partition-level MILP - -
E-Store [40] Shared-nothing Partitioning - Two-tier data placement - -
G-Store [34] Shared-nothing Partitioning Row-level Key group - -
Hermes [41] Shared-nothing Routing + Partitioning Row-level Prescient transaction routing - -
Schism [22] Shared-nothing Partitioning Row-level Graph-based Row Co-access

SWORD [24] Shared-nothing Partitioning Row-level Graph-based Row Co-access
Chiller [25] Shared-nothing Partitioning Row-level Graph-based Row/Txn. Contention
Clay [28] Shared-nothing Partitioning Row-level Graph-based Row Co-access

T-Part [29] Shared-nothing Routing Row-level Graph-based Txn. Row Dep.
PAT (ours) Shared-cache Routing Page-level Graph-based Key Range Co-access

the same transaction. Chiller [25] represents each transaction
as a star, where the center vertex corresponds to the trans-
action, and the outer vertices represent the rows it accesses.
Edges indicate contention on rows between transactions. T-Part
relies on deterministic concurrency control, where a transac-
tion’s read/write set must be known before execution. This
enables T-Part to build a graph that models inter-transaction
dependencies based on a batch of transactions. T-Part then
routes transactions based on the graph partitioning results. As
a result, the graph must be recomputed for every batch and is
highly dynamic, so routing decisions are transient and cannot
directly leverage longer-term locality patterns. These methods
transform data partitioning or transaction routing into a graph
partitioning problem.

In contrast to graph-based methods, several methods [26],
[27], [34], [39]–[41] explore alternative techniques. Horticul-
ture [26] employs a large-neighborhood search algorithm to
find efficient partitioning schemes. JECB [27] leverages key-
foreign key relationships to enlarge the search space. It then
uses a divide-and-conquer strategy, the database schema, and
the transaction SQL code to search for a good partitioning
solution. Accordion [39] uses server capacity estimation and
mixed integer linear programming (MILP) to co-locate pre-
defined partitions. E-Store [40] adopts a two-tier placement
strategy: cold data is partitioned into large chunks, while hot
data is partitioned at the row level. G-Store [34] dynamically
groups rows and assigns each group to a node. Hermes [41]
proposes a prescient transaction routing algorithm that uses
heuristics to optimize routing and data partitioning.

III. PRELIMINARIES

In this section, we first introduce the overall architecture
and workflow of shared-cache databases, which will be used
as the baseline. We then review clustered indexes and analyze
page affinity to motivate our work.

A. Page-Level Shared-Cache Database

Shared-cache architecture has been widely used in many
DBMSs, such as Oracle RAC [6] and PolarDB-MP [3]. In
this architecture, data pages are persisted in shared storage
and cached in the local memory of compute nodes.
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Fig. 2: The workflow of shared-cache databases.

Workflow. As Figure 2 shows, given a transaction, the router
extracts the keys from the SQL predicates and looks them up
in a routing table, which consists of multiple <key, node ID>
pairs. The transaction is then dispatched to a compute node,
which fetches all required pages to execute it. Note that if the
keys of a transaction are mapped to multiple nodes, the router
selects the node that appears most frequently in the lookup
results and dispatches the transaction to that node. Node 1
executes transaction T1, which writes pages P1 and P2. Since
both pages are missing in the local cache of node 1, node 1
obtains P2 from node 2, where it is cached, and fetches P1

from shared storage, as it is not cached on any compute node.

Page-Level Cache Coherence. Since a page can be modified
on multiple nodes, updates can lead to stale or inconsistent
pages. To maintain cache coherence, shared-cache databases
rely on the page invalidation mechanism and distributed lock-
ing [1], [3], [6], [43]. When a page is modified on a node,
its copies on other compute nodes are invalidated to prevent
accessing stale data. Additionally, distributed locks are utilized
to coordinate access to cached pages. They enforce exclusive
access for writes, ensuring that only one node can modify a
page at any given time. This prevents conflicting updates and
maintains data consistency.
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B. Clustered Index

To present the insight that key ranges can be used to model
pages, we introduce the clustered index, also known as index-
organized tables (IOTs) [36], [37], [44], [45], which have been
widely adopted by InnoDB, Oracle [2], and Microsoft SQL
Server [46]. A clustered index organizes rows in primary key
order and stores them in the index structure, which is typically
a B+-tree. The inner nodes are built based on the primary key,
while the leaf nodes store entire rows, including both primary
and non-primary key columns.

Figure 3 illustrates the structure of the clustered index. The
rows are clustered in primary key order. For example, page
P3 contains rows with primary keys from 12 to 14, and P4

contains rows from 15 to 17. To maintain this clustering,
insertions begin with a primary key index scan to locate the
appropriate page. The new row with primary key 16 is inserted
at P4, and subsequent rows are shifted to preserve the sorted
order. This ordering ensures that rows within the same key
range are stored contiguously across one or a few pages,
providing an opportunity to model pages using key ranges.

C. Page Affinity

We define page affinity as the frequency with which pages
are co-accessed by a transaction. Pages that are frequently
co-accessed exhibit strong affinity. To analyze page affinity
and its potential performance benefits for page affinity-based
routing, we conduct experiments using the YCSB-A* [47] and
TPC-C [48]. In YCSB-A*, the database is divided into five
partitions. Each transaction only accesses rows in one partition.
In TPC-C, we initialize the database with five warehouses.
Most transactions access data from a single warehouse. The
other experimental settings are detailed in Section VII.

To demonstrate the behavior of page affinity under different
workloads, we analyze the page co-access frequency among
the 50 most frequently accessed pages (i.e., hot pages) under
YCSB-A* and TPC-C. The results are shown in Figure 4a. In
YCSB-A*, we observe five distinct page groups with strong
affinity, as pages within the same partition are frequently co-
accessed. In contrast, in TPC-C, pages from different groups
are also co-accessed. This can be attributed to two reasons.
First, several TPC-C transactions access data from multiple
warehouses, so pages from different groups are co-accessed.
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Fig. 4: (a) Page co-access frequency under different workloads.
Color intensity shows the normalized co-access frequency be-
tween pages. Darker colors indicate higher co-access. (b) Row-
affinity routing vs. page-affinity routing (PAT). We compare
the number of shared pages and remote page accesses.

Second, since the page layout is workload-agnostic, a single
page may store rows from different warehouses, leading to
co-accesses across groups.

To evaluate the effectiveness of page affinity-based routing,
we compare row affinity-based and page affinity-based routing
(PAT) in terms of the number of shared pages and the remote
page accesses. The results are shown in Figure 4b. Here, a
shared page refers to a page accessed by multiple nodes.
First, row affinity-based routing results in more shared pages
compared to PAT. This is because it cannot capture page-level
co-access patterns. Therefore, frequently co-accessed pages
are not cached together. Moreover, PAT can reduce remote
page accesses by 3.04×-7.09×. This highlights the potential
benefits of page-affinity routing in improving cache locality
and reducing cross-node communication.

IV. PAGE AFFINITY-BASED ROUTING

In this section, we give a detailed discussion on the page
affinity-based transaction routing approach. First, we use key
ranges as an intermediate abstraction for pages, which allows
us to model page affinity through range affinity (Section IV-A).
Second, PAT builds a key range co-access graph to capture the
affinity between key ranges (Section IV-B). Finally, we present
an incremental partitioning method (Section IV-C).

A. Modeling Page Affinity via Key Ranges

Key Ranges. Key ranges are defined by dividing the key
space into equal-sized intervals. When rows are stored in
order, the rows represented by a key range are stored on a
set of pages. As shown in Figure 5a, the key space is divided
into two ranges. Each key range can represent a set of rows
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Fig. 5: An illustration of modeling pages with key ranges. Each
key range maps to a group of pages, since rows are stored in
primary-key order in the clustered index.

with continuous keys. The range r0 is associated with rows
{1, 2, 3}, as the primary keys of these rows belong to r0. Rows
{1, 2, 3} are stored in pages P1 and P2 respectively. Thus, the
range r0 can be used to model P1 and P2. Similarly, range
r1 maps to P2, P3 and P4. Notably, key ranges do not always
align perfectly with pages. For example, P2 stores rows {3, 6},
which are from both ranges. This associates P2 with multiple
key ranges, which we will detail in Section V-A. The affinity
between r0 and r1 can be used to model the affinity between
page sets {P1, P2} and {P2, P3, P4}.

Address Page Updates. Page updates are common in OLTP
workloads. We now show that key ranges can consistently
model the page affinity after such updates. As shown in
Figure 5b, after inserting row 4, which is associated with
r0, pages P2, P3, and P4 are updated to maintain primary
key order (see Section III-B). Meanwhile, a new row with
primary key 10 is inserted into range r1. Since all existing
pages are full, a new page P5 is allocated to store it. After
these updates, rows associated with r0 are distributed across
pages P1 and P2, so r0 still maps to the page set {P1, P2}.
For r1, the corresponding pages become {P3, P4, P5}. As
a result, the affinity between r0 and r1 models the affinity
between these two new page sets. It is important to note that
the affinity between key ranges evolves with row insertions,
deletions, and workload shifts. For example, inserting row 4
introduces a new data access pattern for range r0, since r0
may now be co-accessed with other key ranges. To capture
these changes efficiently, we maintain range affinity through
incremental updates (see Section IV-C).

Key Range Sizing and Construction. To make the range
abstraction effective, PAT must (i) choose an appropriate range
size (i.e., the number of rows) close to one or a few pages,
and (ii) construct and maintain ranges under page updates.
PAT automatically sets the key range size (i.e., the number
of rows) based on database statistics. To model pages with
key ranges, PAT sets the key range size so that each range
covers roughly the same amount of data and is close to one
or a few pages. Specifically, it estimates the range size using
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the average row size and the page size:

range size = α

⌈
page size

avg row size

⌉
. (1)

Here, α controls the expected number of pages covered by a
key range, and can be tuned to balance routing granularity and
maintenance cost.

Given the target range size S, PAT partitions the table into
consecutive key ranges offline, each containing about S rows.
As runtime updates may introduce data skew across ranges,
making them less efficient for modeling pages, storage nodes
maintain a lightweight row counter for each range. When a
range grows beyond a split threshold (e.g., 2S), the node
notifies the router to split it into two ranges. Conversely, if
the combined size of two adjacent ranges is smaller than a
merge threshold (e.g., S), they are merged. Notably, PAT uses
different split and merge thresholds to avoid oscillation. This
method keeps each range size below a bound (e.g., at most
2S in the example).

B. Key Range Co-Access Graph

As discussed above, key ranges can be used as an abstrac-
tion of pages in clustered indexes. Based on this observation,
we build a key range co-access graph to capture the affinity
between key ranges. This graph must meet two key require-
ments. First, it should effectively model the co-access patterns
among key ranges. This enables the system to identify ranges
that are frequently accessed together. Transactions that access
these ranges can then be routed to the same nodes. Second,
the graph must support online incremental updates, enabling it
to capture changes in access patterns and accurately maintain
the corresponding affinity between key ranges.

As shown in Figure 6, we model each transaction as a
graph update. Each vertex represents a key range, and an
edge connects two vertices if the corresponding ranges are co-
accessed by the same transaction. For example, transaction T1

accesses rows with primary keys {1, 5, 9}, which are mapped
to key ranges {r0, r2, r4}. Following the above method, T1

is modeled as a graph update that consists of three vertices



{r0, r2, r4} and three edges {e0,2, e0,4, e2,4}. Here, ei,j de-
notes the edge between ranges ri and rj . Similarly, T2, T3,
and T4 are transformed into graph updates. Notably, r3 has
a self-loop because r3 is accessed twice in T4. Finally, these
graph updates incrementally update the key range co-access
graph. The edge weight indicates the number of transactions
that co-access the two key ranges.

Because transactions are modeled as graph updates, we
can use a sliding window to capture the most recent access
behavior. We maintain the key range co-access graph over
the current window of the transaction stream. For each new
transaction, we transform it into a graph update and apply it to
the key range co-access graph. At the same time, transactions
that fall out of the sliding window expire. When a transaction
expires, we decrement the weights of the edges to which it
contributed. If the weight of an edge drops to zero, the edge
is removed from the graph.

In this example, we assign equal weight to reads and writes
when computing edge weights. However, reads and writes
incur different costs and thus should have different impacts
on edge weights. Such differences can affect the effectiveness
of the transaction routing algorithm. To quantify this effect,
we experimentally tune the relative contributions of reads and
writes in Section VII-D.

Vertex Weights for Load Balancing. To achieve load bal-
ancing across compute nodes, the graph partitioning, which
will be described later, aims to minimize the total weight
of cut edges while keeping the weight of each partition
approximately equal. The weight of a partition is defined as the
sum of the weights of its vertices. Therefore, an appropriate
definition of vertex weight plays a crucial role in balancing
both data size and load. We define the weight of each vertex
as follows:

wv = αrsize + (1− α)rload. (2)

Here, wv denotes the weight of vertex v, rsize represents the
data size associated with the vertex, and rload captures the
runtime load derived from factors like access frequency, CPU
usage, and I/O overhead. The parameter α ∈ [0, 1] controls
the trade-off between balancing data size and load. The load
can be obtained from existing work [49], [50].

C. Affinity Analysis by Partitioning

In the key range co-access graph, a higher edge weight
indicates that the key ranges are co-accessed more frequently.
To improve cache locality, transactions that access such key
ranges should be routed to the same compute node. Because
the page affinity is modeled as a weighted graph, we can apply
graph partitioning algorithms [51]–[61] to group frequently
co-accessed key ranges into the same partition. Each partition
is then mapped to a compute node. The results are stored in
the routing table maintained by the router. The routing table
consists of multiple <ri, nj>pairs. Here, ri represents the i-th
key range and nj denotes the j-th node.

Incremental Partitioning. As workloads shift and pages are
updated, key-range affinity evolves. A naive solution is to
repartition the co-access graph from scratch. However, this
approach leads to substantial changes in the routing table,
which in turn forces cached pages to be shuffled across
compute nodes. To address this, we adopt an incremental graph
partitioning strategy that continuously adapts to changes.

Unlike conventional incremental or streaming graph parti-
tioning algorithms [53]–[55], our problem requires handling
dynamic updates to both edges (i.e., co-access frequencies
between key ranges) and vertices (i.e., insertions and dele-
tions of key ranges). These updates may invalidate previous
assignments and thus necessitate re-evaluating the placement
of affected vertices. To effectively capture such changes,
we develop an incremental partitioning algorithm based on
Fennel [55], which assigns vertices to the partition with the
most neighbors under the load constraints.

For each graph update, we identify the affected vertices,
namely those whose incident edges have changed due to
weight updates, insertions, or deletions. These vertices are first
removed from their current partitions. Then, we re-evaluate the
partitions of these vertices according to Equation 3. Equation 3
defines the gain score δg(r,Pi), which quantifies the benefit
of assigning vertex r to partition Pi. The vertex is reassigned
to the partition with the highest score.

δg(r,Pi) = β
∑

u∈Pi∩N(r)

w(r, u)− (1− β)γ|Pi|γ−1. (3)

Here, r denotes the key range being re-evaluated, and Pi

denotes the i-th partition. N(r) represents the neighbors of r,
i.e., key ranges that are co-accessed with r. w(r, u) denotes the
edge weight between r and u.

∑
u∈Pi∩N(r) w(r, u) quantifies

the affinity between vertex r and partition Pi, reflecting
the benefits on cache locality when r is colocated with its
frequently co-accessed neighbors. |Pi| denotes the load of
partition Pi, which is defined as the sum of vertex weights
in that partition. (1 − β)γ|Pi|γ−1 represents the penalty of
assigning r to partition Pi. The parameters β and γ are
tunable. Specifically, β ∈ [0, 1] balances the importance
between minimizing edge cuts (improving cache locality) and
load balancing. γ controls the penalty of load imbalancing.
Since each partitioning needs to traverse all updated ver-
tices and their incident edges, the partitioning complexity is
O(|∆V |+ |∆E|), where |∆V | and |∆E| denote the number
of affected vertices and their incident edges, respectively.

D. Discussion

1) Scalability: To improve scalability, we have to address
two issues: (i) the size of the graph and routing table, and (ii)
the cost of graph partitioning.
PAT can reduce the size of the graph and routing table

by adjusting the range size. Coarse-grained ranges reduce the
number of ranges, which in turn reduces the routing table and
graph size while amortizing maintenance overhead. However,
they can also combine pages with different access behaviors
into one range, thus reducing the accuracy of routing decisions.



Fine-grained ranges preserve page-level affinity and support
more accurate routing, but they increase the overhead of
maintaining routing metadata. Moreover, PAT can also adjust
the number of transactions used for graph construction to
reduce the size of the graph and routing table. PAT can further
limit the size of the routing table based on a replacement
strategy, such as LRU. When the number of key-value pairs
exceeds the limit, it has to evict a key-value pair. Since many
OLTP workloads only contain small portions of hot data [62],
limiting the size of the routing table has a minimal impact
on performance [25], [41]. Graph partitioning can be time-
consuming and computation-intensive. To reduce the partition-
ing overhead, we can partition the graph in parallel [63], [64].

2) Elasticity: To handle dynamic cloud environments
where the number of compute nodes changes [65], we de-
couple graph partitioning from placement. Specifically, we
partition the key range co-access graph into more partitions
than the available compute nodes. We then assign partitions
evenly to nodes so that the number of partitions hosted on
each node is balanced. When nodes are added or removed,
each partition independently decides whether to migrate using
a probabilistic rule. For example, when n nodes are added
to a cluster with k existing nodes, a partition remaps to one
of the new nodes with probability p = n

k+n . This yields an
approximately uniform distribution of partitions over the k+n
nodes and preserves load balance.

3) Routing on Non-Primary Keys: In general, the routing
key should not be limited to the clustered index key (typically
the primary key), but should be extended to any key that
appears in SQL predicates. However, under a clustered index,
rows are physically ordered only by the primary key [3], [36],
[45], which makes page affinity-based routing on non-primary
keys ineffective. PAT handles predicates on non-clustered keys
via a lightweight secondary index maintained at the router.
A secondary index stores only a mapping from non-primary
keys to primary keys. The router uses this mapping to rewrite
non-primary key predicates into a set of primary keys, which
are then used for routing. This design incurs secondary-index
maintenance overhead at the router.

4) Handling Range Updates: Any range split/merge re-
quires updating both the co-access graph and the routing table.
To reduce update overhead, PAT updates the graph lazily. It
replaces the original vertex with two new vertices that have
no edges. PAT updates their edges/edge weights from the split
time. The old vertex stops receiving new edges/edge weights
and is gradually removed as the graph evolves. Meanwhile,
the new ranges inherit the original range’s routing node and
are appended to the routing table.

E. Routing Transactions

PAT routes transactions based on the primary key. To extract
the primary keys required for routing, the router analyzes
the SQL statements of each transaction. Since the route of
a transaction can be determined by analyzing its individual
SQL statements, we illustrate the analysis process using a
single SQL example. We take the TPC-C table schema as an

example to demonstrate the approach. The ITEM table has
a single-column primary key, i_id, while the STOCK table
has composite primary keys, {s_w_id, s_i_id}. Let PK
denote the primary key of the table and K represent the set
of keys accessed in the SQL statement. Based on the columns
that are being accessed, there are three cases.
• K = PK, i.e., the SQL statement accesses data via primary

key columns. For example, the statement SELECT * FROM
ITEM WHERE i_id = 100 accesses the ITEM table by
its primary key i_id. In this case, the router directly uses
the primary key for querying the routing table.

• K ⊂ PK: the table uses a composite primary key, but
the SQL specifies only part of it. For example, SELECT
* FROM STOCK WHERE s_w_id=100 provides only
s_w_id for the primary key {s_w_id, s_i_id}. The
router fills the missing keys (e.g., s_i_id) with the mini-
mal value to form a complete key for routing.

• K ∩ PK = ∅, i.e., the SQL does not reference
any primary key columns. For example, the statement
SELECT * FROM ITEM WHERE i_price = 2 filters
on i_price, which is not part of the primary key. As the
routing table only supports routing based on primary keys,
the router disregards such statements.
For range queries, traversing all keys in the routing table

to make routing decisions is impractical. To reduce routing
overhead, PAT samples the accessed keys for routing.

Timely Load Balancing. A node may experience transient
overload during runtime, which is caused by temporary hot
spots or skewed access patterns. To address this overload, the
system continuously monitors the load of each compute node.
Before routing a query, the system estimates its load. If the
designated node for a query is overloaded, PAT reroutes it to
the next-best node according to the routing table.

V. ROUTE-AWARE PAGE REORGANIZATION

In this section, we present a route-aware page reorganization
mechanism to mitigate the cache coherence overhead caused
by the misalignment between key ranges and pages.

A. Problem Statement

Although we model page affinity via key ranges, key
ranges and pages are not perfectly aligned, as discussed in
Section IV-A. In practice, a single page may span multiple
key ranges, and conversely, a key range may cover parts
of multiple pages. This misalignment can introduce cache
coherence overhead. Specifically, when key ranges that map
to the same page are mapped to different nodes, transactions
accessing these key ranges may concurrently access the same
page from multiple nodes. As a result, the shared cache must
maintain coherence for that page across nodes, introducing
additional overhead. This problem becomes more severe when
the page is frequently accessed (i.e., a hot page), as increased
coherence traffic can lead to performance degradation.

As shown in Figure 7, both key ranges r1 and r2 map to the
same page P2. Transaction T1, which accesses r1, is routed
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Fig. 7: An example of cache coherence overhead caused by
routing. Since the key range and page are not aligned, page P2

is mapped to both key ranges r1 and r2. P2 can be accessed
by both nodes concurrently with conflicting ownership (e.g.,
both nodes write P2), resulting in cache coherence overhead.

to node 0, while transaction T2, which accesses r2, is routed
to node 1. Since both transactions write rows on page P2, the
two nodes attempt to write the same page P2 concurrently.
To maintain page consistency, only one node is allowed to
write the page, while the other transaction must be blocked.
This coherence overhead not only increases transaction latency
but also reduces concurrency. Such contention underscores the
importance of aligning key ranges with pages.

B. Page Reorganization

Next, we analyze potential methods to align pages with
key ranges and, based on their limitations, motivate our page
reorganization approach.

1) Two Naive approaches: To align each key range with
a page, two straightforward approaches may be considered.
First, the size of key ranges can be dynamically adjusted so
that key ranges align with pages. However, this method is
prohibitively expensive because every page update requires
adjusting the corresponding key ranges. Second, pages can
be forced to contain rows from only one key range. The page
that holds rows from multiple ranges should be split. However,
data distributions are typically skewed, with some key ranges
covering more rows than a single page can accommodate
and others too few to utilize a page effectively. Moreover,
frequent updates such as row insertions and deletions contin-
ually alter the contents of each page, breaking the one-to-one
correspondence between pages and key ranges. In summary,
both approaches fail because page layout is affected by skewed
data distribution and ongoing updates. As a result, a single
page may contain rows mapped to different partitions, which
incurs additional cache coherence overhead.

2) Reorganize Pages: To mitigate this problem, our key
insight is to introduce finer-grained key ranges. Specifically,
by refining key ranges into unit ranges (i.e., key range size
of one), each page can be abstracted as a consecutive set
of key ranges. Although this does not guarantee strict one-
to-one alignment between a page and a single key range, it
ensures that any page can always be abstracted as a set of unit
ranges. Based on this, we further propose route-aware page
reorganization. Due to the high overhead of reorganization,

(a) Vanilla Pages (b) Split (c) Merge

Mapped to node 1 PageMapped to node2

1
2
3

4
5
6

1
2

4
5

3

6

1
2

3
4
5

6

Fig. 8: Workflow of route-aware page reorganization. To
preserve the primary-key order of the clustered index, only
adjacent pages are eligible for merging.

this scheme is only applied to hot pages, as these pages are
few in number and contribute the most to cache coherence
overhead. The objective is to co-locate rows whose key ranges
are mapped to the same node, as indicated by the routing
table, within the same set of pages. To enable this, each
compute node maintains a replica of the routing table. After
reorganization, the resulting pages are primarily accessed by
their designated routing node, thereby significantly reducing
cache coherence overhead across nodes.

We employ a split-and-merge strategy. A page is split when
it contains rows whose key ranges are routed to different
nodes. This ensures that rows having distinct routes reside
in separate pages. As shown in Figure 8b, rows 1 and 2 are
separated from row 3, since their key ranges have different
routes. Page splitting introduces page fragmentation, leading
to additional storage overhead. To mitigate fragmentation,
adjacent pages are merged when all of their rows share
the same route. Only neighboring pages are considered for
merging to preserve the primary-key order of the clustered
index, and a page is merged only with its left neighbor to avoid
deadlocks. This merging operation mitigates fragmentation
while maintaining routing locality. As shown in Figure 8c,
rows 3, 4, and 5 are co-located in a single page, since they
share the same route. Finally, to improve efficiency, page split
and merge operations are executed in parallel across compute
nodes. Each node is responsible for reorganizing the pages
that contain rows whose key ranges are mapped to it.

C. Discussion

1) Impact on Existing Page Splitting and Merging: Tradi-
tional page splitting occurs when a page reaches its capacity
limit. This process does not interfere with the route-aware
page organization, as the newly allocated pages continue to
adhere to the same constraint. Specifically, the key ranges
within the new allocated pages are mapped to the same node
ID. Therefore, we focus only on modifying traditional page
merging strategies in the context of route-aware page reor-
ganization. Page merging typically occurs when the amount
of data falls below a predefined threshold (e.g., 1KB). To
ensure that merging does not compromise route-aware page
reorganization, an additional verification step is introduced: the
compute node checks whether the key ranges of both pages
are mapped to the same node ID. Only pages with equal node
IDs are allowed for merging.



2) ACID Guarantee: Compute nodes ensure the ACID
properties of page reorganization using locking and write-
ahead logging (WAL). Before splitting a page, a compute node
acquires an exclusive lock from the lock manager. It then logs
the original page content and the IDs of the new pages to the
undo log before performing the split. In the event of a crash,
the undo log enables recovery by rolling back the changes. The
exclusive lock is released only after the reorganization of a
page completes, preventing concurrent access or modification
during the process. To minimize performance impact, each
reorganization operates on one page at a time.

3) Hot Spots Detection: PAT identifies hot spots by moni-
toring the access frequency of each key range. It ranks ranges
by frequency and marks the top-k ranges and their physi-
cal pages as hot. The parameter k determines the trade-off
between page reorganization overhead and cache coherence
overhead. A larger k marks more pages as hot, which can
trigger excessive page reorganization and increase storage
overhead. A smaller k reduces reorganization overhead, but
leaves more hot pages misaligned with their ranges, increasing
cache coherence overhead. By default, we set k to the hottest
5% of ranges, following a prior study where 99.94% of
Wikipedia requests access only 5% of the database [62]. In
addition, PAT derives the unit ranges from the primary-key
predicates of queries that target the hot spot, i.e., each primary
key is treated as a unit range. PAT replaces the original hot
range with a set of unit ranges. To accommodate changing hot
spots, such unit ranges are later merged back into their parent
range once they are identified as cold.

4) Deferred Reorganization: To mitigate oscillating page
reorganization under dynamic workloads and window-based
graph processing, PAT employs a deferred reorganization
method. First, PAT triggers reorganization only for pages
that remain hot across several consecutive windows, avoiding
unnecessary reorganization due to short-lived workload fluctu-
ations. Second, PAT uses different split/merge rules to prevent
immediate reversal of recent reorganizations under dynamic
workloads. PAT splits a hot page when the routes of its unit
ranges remain different over a period of time. In contrast, PAT
merges under-filled adjacent hot pages only if the routes of
their ranges have been the same for several windows.

5) Applicability and Limitations: PAT targets OLTP work-
loads that rely on clustered indexes, which are widely adopted
in production DBMSs (e.g., MySQL [66], SQL Server [46],
Oracle RAC [37], CockroachDB [67], TiDB [68]), and are
common in applications such as e-commerce and banking. For
example, an Order table clustered by order_id supports
efficient order lookups on order_id and range queries
over recent orders. In contrast, PAT offers limited benefits
for OLAP-style workloads dominated by full table scans,
where page-level cache coherence overhead is minimal. It is
also unsuitable when clustered indexes are not feasible, such
as workloads driven by predicates on secondary indexes or
append-only log tables.

VI. IMPLEMENTATION

We build PAT on ScaleStore [1], a shared-cache prototype
that decouples compute and storage nodes. ScaleStore ensures
strong consistency with a distributed cache-coherence protocol
that invalidates stale cached copies on updates. We extend
ScaleStore with a router for transaction routing and a page
reorganization module on each compute node.

Router. To update the routing table without blocking trans-
action routing, we use copy-on-write. We apply changes to
a shadow copy and atomically swap it in after the update
completes. In the graph, we assign each vertex a weight equal
to the number of transactions accessing it, since key ranges
have similar sizes in our experiments. We build the initial
routing table by partitioning the key range co-access graph
with METIS [51]. We incrementally update and re-partition
the graph. We set α = 0, β = 2/3, and γ = 1.5, following
prior work [53], [55].

Page Reorganization. To guide page reorganization, each
compute node keeps a local replica of the routing table and
periodically synchronizes it with the router. Each node also
runs a page reorganization module that reorganizes pages
based on the routing table. To reduce cache coherence over-
head from concurrent reorganizations, we allow only one node
to reorganize pages. A background thread pulls pages from
remote nodes, reorganizes them in the local cache, and flushes
them to storage via LRU eviction.

VII. EVALUATION

A. Setup

Physical environment. We run our experiments on a 6-node
Aliyun ECS cluster. Each node (ecs.c8i.12xlarge instance) is
equipped with 24 CPU cores, 96GB DRAM, and runs Ubuntu
20.04 with the Linux kernel version 5.15.0-101-generic. We
use eRDMA [10] for inter-node communication, with a net-
work bandwidth of 25 Gbps between nodes. One node serves
as a client and router. We set the number of clients to match
the total number of worker threads in the cluster.

Workloads. We run TPC-C [48] and YCSB [47]. TPC-
C simulates the activity of a wholesale supplier. We ini-
tialize four warehouses per node. We use unit key ranges
for WAREHOUSE and DISTRICT because they are hot. For
YCSB, we use a single table with an 8-byte integer key and a
128-byte random value. To make the workload transactional,
we wrap operations within transactions and let each transaction
contain 10 operations. We initially partition the table across
nodes, with 10M rows per partition. Each transaction accesses
only one partition. To demonstrate the effectiveness of page
reorganization, we select 30 pages as hot pages. Each hot page
mixes rows from multiple partitions, and every transaction
accesses at least one row from these pages. Requests follow a
Zipf distribution with θ = 0.99. We evaluate two workloads:
(1) YCSB-A* (50% reads, 50% updates) and (2) YCSB-B*

(95% reads, 5% updates).
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Fig. 9: Performance comparison.

Competitors. We compare five routing methods: Random,
Schism, Hash, Hermes, and Workload-Aware.
• Random: Each transaction is routed to a random node. This

method fails to leverage data affinity, resulting in significant
local cache misses and cache coherence overhead.

• Schism: Schism [22] is an offline data partitioning
scheme that represents a database as a graph, where ver-
tices correspond to rows and edges capture the co-access
frequency of rows within transactions. The graph is then
partitioned using a graph partitioning algorithm. We adapted
Schism to our baseline by using its graph partitioning results
to guide transaction routing, rather than performing data
partitioning in the storage layer.

• Hash: Hash analyzes the set of primary keys accessed by a
transaction and uses a hash function to map the primary keys
to node IDs. The transaction is routed to the node whose
node ID appears the most. Hash can focus accesses to a
row on a specific node as much as possible, thereby taking
advantage of the local cache.

• Hermes: Hermes [41] is a prescient transaction routing
method for deterministic DBMSs. It uses a heuristic algo-
rithm to route a batch of transactions. Since it requires pre-
known read/write sets, we adapted our baseline to expose
read/write sets for each transaction ahead of execution and
then invoke Hermes to route transactions.

• Workload-Aware (WA): WA routes transactions based on
access patterns to improve cache locality. In TPC-C, it routes
transactions that access the same warehouse to the same
node, since transactions typically access data of a single
warehouse. In YCSB, it routes transactions to the node that
hosts the accessed partition.

• PAT: PAT produces a routing table offline and then incre-
mentally updates the routing table every 20,000 transactions.
At the same time, the compute nodes will periodically
reorganize the pages according to the routing table.

B. Overall Performance

Figure 9 shows throughput and average latency for TPC-
C, YCSB-A*, and YCSB-B* on a 5-node cluster. PAT con-
sistently delivers the best performance, achieving the highest
throughput and the lowest latency across all workloads. The
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Fig. 10: The comparison of local cache misses under TPC-C.

key reason is that PAT jointly optimizes: (i) transaction routing
based on page affinity and (ii) route-aware page organization,
which together concentrate accesses to strongly co-accessed
pages on the same node and thus reduce remote page accesses,
and cache coherence traffic.
PAT improves throughput by 14.36×, 3.78×, 3.81×,

15.53×, and 3.47× over Random, Schism, Hermes, Hash,
and WA, respectively, and achieves the lowest latency (47.8µs).
Hermes makes routing decisions for each transaction based
on the accessed rows. While this can reduce remote reads at
the row level, it does not explicitly optimize page-level co-
location and introduces non-trivial routing overhead, making it
less effective than PAT. Schism leverages row-level affinity,
which is insufficient under page-granular caching and can
still induce heavy coherence overhead. Random and Hash
ignore page-level co-access and therefore suffer from frequent
remote page accesses. Finally, WA benefits from workload-
aware routing, but without route-aware page organization, it
leaves avoidable page contention. For the read-heavy YCSB-
B* workload (Figure 9c), all systems improve due to effec-
tive caching in the shared-cache architecture. However, other
methods (e.g., Random) still incur significant cache coherence
overhead, reducing performance.

C. Local Cache Misses

Figure 10 shows the local cache misses under the TPC-C
workload. PAT substantially improves cache locality across
all competitors. Specifically, it reduces local cache misses by
3.06×, 3.61×, 3.42×, 52.68×, and 50.65× compared to WA,
Schism, Hermes, Random, and Hash, respectively. Both
Random and Hash suffer from frequent local cache misses,
as they cannot capture the co-access patterns of workloads.
Although Schism, Hermes, and WA outperform Random
and Hash, they still have many local cache misses. This is
because they rely on row affinity to route transactions, which
causes pages to be shared across multiple nodes. When a
shared page is updated, its copies on other compute nodes
are invalidated to maintain consistency. This introduces remote
page accesses if a node subsequently accesses the invalidated
page. Furthermore, since the page layout is workload-agnostic,
a single page may contain rows from multiple warehouses,
making it inevitably shared by multiple nodes and increasing
local cache misses. When such pages are hot, this effect
significantly amplifies local cache miss rates.
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D. Performance Breakdown

Figure 11 shows the results of the performance breakdown.
ATR employs only page affinity-based transaction routing, iso-
lating the benefit of route-aware page reorganization. Ideal
applies WA routing and page reorganization. It represents the
best performance for the TPC-C workload.

As shown in Figure 11a, ATR achieves a 3.95× higher
throughput compared to Random routing. This is because ATR
can leverage page affinity for transaction routing, highlighting
the effectiveness of identifying affinity at the granularity of
key ranges. In addition, PAT outperforms ATR by 3.64×
in throughput. This shows the substantial impact of cache
coherence on system performance and demonstrates that route-
aware page organization can effectively reduce cache coher-
ence overhead, especially for hot pages. Finally, PAT achieves
throughput comparable to Ideal.

To analyze how the transaction routing algorithm and route-
aware page organization improve system performance, we
also track the time spent on the New-Order transaction.
Figure 11b shows the average latency breakdown. We make
two observations. First, the routing latency of PAT is about
7 µs per transaction, accounting for about 7% of the total
latency. This includes analyzing the transaction, looking up
the routing table, and forwarding the transaction. Second, most
of the latency in PAT is spent on local page accesses and
interactions with other components, such as index traversal
and SQL parsing. This is because page affinity-based rout-
ing significantly improves cache locality. Notably, Hermes
spends about 24% of the end-to-end latency on routing, as it
computes routing decisions at runtime, incurring non-trivial
scheduling overhead. In contrast, the other methods only
perform a lightweight lookup on a precomputed routing table.

We adjust the weights of read and write operations on edges
to examine their effect on transaction routing. For example,
when both vertices of an edge are read-only in the transaction,
the edge weight is 1. If one of the vertices is written, the edge
weight is 10. If both of the vertices are written, the edge weight
is 100. We do not observe significant performance gains or
losses in our results. This is because the TPC-C workload is
well-partitioned, and the weights of reads and writes do not
significantly affect partitioning results.
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E. Workload Change

To evaluate the performance and reorganization overhead of
PAT under dynamic workloads, we create a changing workload
using YCSB-A*. We uniformly partition 50M rows into 25
partitions and distribute them on a 5-node cluster, with five
partitions per node. Initially, transactions access only local
partitions. To create a dynamic workload, we periodically
change the partitions that each transaction accesses. For ex-
ample, transaction 0 switches from accessing partitions {0–4}
to {0–3, 5}. The workload switches between the two access
patterns every 450 s. Figure 12 shows that throughput drops
after each shift, then recovers as PAT incrementally updates
key range co-access graph and refines the partitioning. Page
reorganization adds little overhead after the first reorganiza-
tion. This is because the asymmetric split/merge rules prevent
recently split pages from being merged back immediately,
reducing oscillating reorganization overhead.

F. Elasticity

To evaluate elasticity, we scale out compute nodes at run-
time every 120 s until reaching five nodes. We then remove
nodes one by one at the same interval. Figure 13 shows
that decoupling graph partitioning from partition placement
enables PAT to utilize the additional computing resources. The
adaptation occurs within a few seconds after a new compute
node has been added. The throughput scaling is not linear
(e.g., between 2 and 4 nodes) due to page-level cache coher-
ence. PAT routes transactions using range affinity to improve
locality, but key ranges do not always align with physical
pages, especially for cold pages that are not reorganized. As a
result, some pages are still accessed by multiple nodes, which
increases coherence traffic and limits scaling.

G. Page Reorganization Cost

Figure 14 shows the impact of page reorganization on
remote page accesses and throughput under the TPC-C work-
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Fig. 14: Impact of page reorganization on remote accesses and
throughput under TPC-C.

load. The page reorganization can improve throughput by
3.71×, while remote page accesses decrease by 2.96×. As
discussed in Section VII-C, the reduction in remote accesses
also reflects a decrease in cache coherence overhead. How-
ever, remote access increases during reorganization. This is
because our current implementation performs reorganization
on a single node, which must fetch pages from other nodes. To
address this, we can partition the reorganization task across all
compute nodes. Throughput also drops during reorganization
due to increased remote accesses and the reduced number of
worker threads available for transaction execution.

H. Varying the Key Range Size
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Fig. 15: Varying key range.

We evaluate the throughput and graph size of PAT under
different key range sizes using the TPC-C benchmark on
a 5-node cluster. The key range size is fixed at 1 for the
WAREHOUSE and DISTRICT tables, while the remaining
tables use varying key range sizes. Figure 15 shows that finer-
grained key ranges produce larger graphs and routing tables,
increasing memory consumption. In particular, when the key
range size is 1, the router runs out of memory. Conversely,
overly coarse key ranges reduce throughput, as a single key
range may span many pages and limit the effectiveness of page
affinity-based routing. Overall, a key range size between 50
and 1000 achieves the best throughput.

I. Scalability

We evaluate scalability by increasing the dataset size. Each
node is equipped with a 16 GB cache. Figure 16 reports
throughput under TPC-C and YCSB-A*. In TPC-C (Fig. 16a),
the throughput of WA, Schism, and Hermes increases from
50 to 200 warehouses, as a larger database spreads accesses
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Fig. 16: The scaling performance.

to hot data across more pages and reduces cache coherence
overhead. Throughput then declines once the dataset exceeds
cache capacity (200 warehouses), making storage I/O the
bottleneck. Nevertheless, PAT consistently outperforms other
approaches by routing requests for each page to a designated
node, thereby reducing accesses to shared storage and cache
coherence overhead for hot pages. In YCSB-A* (Fig. 16b),
hot data remain concentrated on a small set of pages. Thus,
increasing the dataset size does not reduce cache-coherence
overhead, and throughput remains stable until the dataset ex-
ceeds cache capacity (200M–300M rows), after which storage
I/O becomes the bottleneck.

We evaluate the memory consumption of the co-access
graph and routing table under TPC-C with 500 warehouses
(∼100 GB). We set the key range size so that each range
corresponds to roughly one page (4 KB). The co-access graph
and routing table occupy ∼2.6 GB and ∼400 MB DRAM,
respectively. Notably, the graph and routing table size do not
scale with the database size. It is mainly determined by the key
range size. Large ranges can significantly reduce the graph and
routing table size. To reduce the DRAM consumption, PAT
can cache only hot entries in memory and evict cold entries
to shared storage using a replacement policy. These methods
ensure that PAT is practically feasible for large databases.

VIII. CONCLUSION

This paper presents a shared-cache database prototype that
routes transactions accessing frequently co-accessed pages
to the same compute node. We observe that key ranges
serve as an effective intermediate abstraction for pages in
clustered indexes. Based on this observation, we design a page
affinity–based routing algorithm that reduces page coherence
overhead and local cache misses. To align key ranges with
physical pages, we introduce route-aware page reorganization.
Our experiments show that PAT improves throughput by
1.03×-14.36× compared with state-of-the-art methods.
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