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Historical data are widely used in science, business, and web applications. In this context, tree structures play a

fundamental role in databases, particularly in query processing. Path copying offers a cost-effective approach

to providing immutable snapshots of a tree. If snapshots preserve the order of update requests, each snapshot

version is mapped to a specific point in history, thereby facilitating historical data queries and analysis.

Recently, Contreap enables concurrent path-copying updates on BSTs, primarily targeting historical queries

on predefined statistics by maintaining the corresponding augments in tree nodes. However, real-world

applications often require general-purpose operations, such as element retrieval or range scanning, while

BSTs are not well-suited for such operations. Nevertheless, existing path-copying implementations for popular

database tree structures generally lack efficient support for concurrent updates, limiting their applicability.

In this paper, we present ConTree, a lightweight programming library that transparently supports concurrent

path-copying updates for tree structures. We show how to integrate a recursive update process— subject

to certain constraints to ensure correctness— into ConTree. We further discuss techniques for optimising

existing tree structures to improve the efficiency of concurrent path copying.

Building on this foundation, we instantiate ART and B+Tree, addressing key obstacles to concurrent path

copying with two novel solutions: AERT and BeTree, using our ConTree library. These optimised variants

incorporate structural and algorithmic refinements to support scalable updates. Extensive experiments show

that our concurrent update strategy is effective, delivering significant speedups for AERT and BeTree over

their serial counterparts.
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1 Introduction
Tree indexes play an important role for query processing in database systems. Historical data have

a wide range of applications in science [65], business [25, 43], web applications [62, 72], and more.
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In this paper, we focus on the retrieval of historical states in key-value stores associated with keys.

For instance, determining the price of a product at the moment an order is placed, or the view

count of a video at the conclusion of an event.

Path copying [31] provides a cost-effective way to create immutable snapshots of a tree structure,

thereby enabling queries about the state at any moment in the past. In particular, path copying

produces a new version by duplicating only the nodes whose keys, data, or child pointers are

modified, and relinking these copies to form the new version. For example, in a vanilla binary

search tree (BST), only the nodes along the search path to the updated key are duplicated during

an update, while untouched subtrees are shared with previous versions, thereby maintaining

space efficiency. The path copying technique is not only essential in functional programming

languages for supporting set operations [19], but are also employed in file systems [63], distributed

platforms [4, 30], as well as a variety of in-memory databases [9, 10, 12].

During the path copy process, once a node has been duplicated, subsequent modifications to the

original node are not reflected in its copy. Therefore, to ensure correctness—namely, that the new

version faithfully retains the state of the replicated version—any modifications to a node must be

finalised before the node becomes visible to other threads. Efficiently guaranteeing this constraint

is non-trivial: correct synchronisation is complex and error-prone, risking data corruption or

inconsistent versions, while overly conservative synchronisation can severely degrade performance.

Contreap [42] recently implemented concurrent path copying for balanced BSTs to accelerate

historical queries on predefined statistics. It resolves concurrency via a hybrid scheduler: the upper

layers run in a pipeline, while lower layers use independent worker threads to process updates

concurrently. Although Contreap delivers strong update speedups, BSTs remain a poor fit for many

general-purpose indexing tasks such as element retrieval or range scanning. Meanwhile, widely

used database tree structures generally lack efficient support for concurrent path copying, creating

bottlenecks under write-heavy workloads.

To close this gap, this paper focuses on a general approach to enable concurrent path copying

across various tree structures. We summarise our contributions as follows:

• In Sec. 3, we introduce ConTree, a lightweight and reusable library that transparently supports

non-blocking, starvation-free, and order-preserving concurrent path-copying updates in common

tree indexes, enabling efficient per-update versioning and freeing developers from low-level

concurrency concerns.

• In Sec. 4, we present the implementation of ConTree. We design a low-overhead dependency reso-

lution mechanism using version and stage information to improve efficiency. We further describe

a hybrid policy that applies different strategies for different tree levels to boost performance.

• In Sec. 5, we instantiate ART and B+Tree with ConTree, addressing key challenges in concurrent

path copying via two novel solutions: AERT and BeTree. These optimised variants combine

structural and algorithmic refinements to boost update efficiency.

• In Sec. 6, we conduct extensive experiments. The results show that our ConTree is effective,

with AERT and BeTree achieving speed-ups of up to 15× and 7.5× over their serial counterparts,

respectively. We further evaluate end-to-end performance on the hybrid TPC-CH workload

(transactional + analytical), where our approach outperforms prior hybrid-workload solutions,

demonstrating the effectiveness of our path-copying framework.

2 Preliminaries
2.1 Tree Structures
Tree structures are commonly used to implement key-value stores in database systems. A tree is

defined recursively, where each node is either a leaf node or contains several child nodes. The
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Fig. 1. Example of Tree Structures

height of a node 𝑇 , denoted as h(𝑇 ) is defined as the length of the path from 𝑇 to the farthest leaf

node in its subtree, with the height of a leaf node being 0. The depth of a node 𝑇 , denoted as d(𝑇 ),
is the length of the path from the root node to that node, with the depth of the root node being 0.

In this paper, we use the term the ‘𝑑-th’ layer to refer to the set of all nodes at depth 𝑑 .

Binary Search Tree (BST). Search trees partition keys based on key comparisons. The simplest

form of search tree is the BST, in which each node represents a single element and has two child

nodes, referred to as the left and right subtrees. Elements in the left subtree have keys less than the

key of the node, while elements in the right subtree have keys greater than the key of the node.

B+Tree. A B+Tree is a height-balanced search tree, where all elements are stored in leaf nodes,

while internal nodes only store keys. Given a B+Tree of order 𝑏, the size (i.e., the number of

records) of a leaf node falls within the range [𝑏, 2𝑏). Each non-leaf node has a size, also known as

fanout (i.e., the number of child nodes), in the range [𝑏, 2𝑏). The root node has a size in the range

[2, 2𝑏). A non-leaf node with 𝑘 child nodes contains (𝑘−1) keys, where the 𝑖-th key separates the

𝑖-th and (𝑖+1)-th subtrees, and all elements in the 𝑖-th (resp. the (𝑖 + 1)-th) subtree are less (resp.
no less) than the 𝑖-th key. Fig. 1(a) shows an example of a B+Tree with 𝑏 = 2.

After appending a record to a leaf node, its size may reach 2𝑏, resulting in overflow. Conversely,

after removing a record, the size may fall below 𝑏, resulting in underflow. The B+Tree resolves

overflow by splitting the node, and resolves underflow by merging nodes. Splitting or merging may

trigger cascades that propagate overflow or underflow to parent nodes. The B+Tree addresses such

conditions recursively, thereby maintaining structural balance.

Adaptive Radix Tree (ART). Unlike search trees which perform comparison-based search, tries

match keys by segments rather than comparing full keys. A root-to-leaf path represents a key, with

each edge corresponding to a key segment. In a search tree of height ℎ, searching a key of length 𝑙

takes O(𝑙ℎ) time, as each comparison may examine the entire key. In contrast, a trie performs a

lookup in O(𝑙) time by matching each segment of the key along the path.

Radix trees are an efficient variant of tries that compress common prefixes in internal nodes. As

shown in Fig. 1(b), the shared prefix ‘BA’ of the keys ‘BAR’ and ‘BAZ’ are stored in a compressed

form. This representation eliminates degenerate nodes with only a single child, reducing both space

and lookup depth.

ART is a 256-way radix tree where each level matches one byte of the key. Instead of using

a fixed 256-entry child array, ART employs four adaptive node types (Fig. 2) to match actual

fanouts, reducing memory usage when a node has a small actual fanout. ART further improves

performance by leveraging modern CPU features such as cache locality, branch prediction, and

SIMD instructions.

2.2 Path Copy
Update by path copying offers a cost-effective way to provide immutable snapshots of tree structures.

Instead of mutating nodes in place, it copies the nodes affected by the update, applies changes to

those copies, and relinks them to form a new root; with all untouched subtrees shared with prior

versions. If the tree height is ℎ, each update creates O(ℎ) new nodes. Each update yields a new
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Fig. 3. Example of Path Copying

version of the tree, and prior versions are never modified. Such a data structure is called a purely
functional or persistent data structure [31] (not to be confused with persistence in external storage).

The path-copy technique naturally implements read-write separation. Query routines can be

performed on a stable, immutable snapshot, completely isolated from ongoing updates. The practical

importance of these snapshot-enabled indexes stems from their adoption in infrastructure systems

like ETCD [4] — built on BoltDB [1] — which serves as the metadata store for Kubernetes [8].

Moreover, snapshots support accessing data at a specific version. Traversing from the new root

node retrieves the updated data, while the previous data can still be accessed by traversing from the

root node of the old version. If updates are processed in an order-preserving manner—meaning

that earlier update requests correspond to earlier versions and each version incorporates the results

of all prior updates—each version represents a specific historical moment, enabling queries about

the state at that time.

Fig. 3(a) illustrates the creation of BST 𝑇2 by inserting element 6 into 𝑇1 via path copying. In 𝑇2,

nodes 5 and 7 along the search path are copied and node 6 is inserted, while the intact subtree rooted

at node 2 is shared with 𝑇1. Concurrent path copying demands meticulous care for correctness, as

any subsequent changes to the original node will not be propagated to its copy. For example, a

balanced BST may perform rebalancing after node 5 is copied in 𝑇2. As shown in Fig. 3(b), node 5

in 𝑇1 is modified, while its copy in 𝑇2 remains unchanged, leading to an error.

Snap-Tree [22] employs an epoch-based mechanism to leverage multi-threading to provide a

snapshot-enabled BST. Snap-Tree creates snapshots via lazy copying: it copies immutably-marked

nodes (pushing the mark down to their child nodes) and updates other nodes in place. Within an

epoch, updates are performed concurrently. When the clone operation is invoked, it waits for all

ongoing updates to complete, and then marks the root node as immutable to create a snapshot and

starts a new epoch. Since epochs are processed serially, Snap-Tree requires a sufficient epoch size

to maintain efficiency, yielding coarse-grained versioning.

P-Tree [69] adopts a batch-based mechanism to create BST snapshots. P-tree batches multiple

updates and, using a join-based BST [19], recursively partitions the batch into disjoint subsets that

are processed in parallel by forked threads. Similar to Snap-Tree, P-Tree processes batches serially

and requires a sufficient batch size to ensure efficiency, yielding coarse-grained versioning. At the

same versioning granularity, P-Tree achieves higher efficiency than Snap-Tree because the threads

operate on disjoint subtrees, eliminating synchronisation overhead.
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Contreap [42] enables fine-grained concurrent path-copying updates on balanced BSTs in an order-

preserving manner. Contreap utilises pipelining across tree layers, with each pipe handling nodes at

a single depth level. Unlike deterministic balanced BSTs, treaps can pinpoint the rebalancing region

during the search phase rather than upon backtracking. This allows Contreap to block subsequent

pipes entering a rebalancing region, avoiding the issue in Fig. 3. As proven in [42], the expected

height of the rebalancing subtree per update is O(1). For a sequence of𝑚 updates, if𝑚 = 𝜔 (log2 𝑛),
where 𝑛 > 𝑚 is the number of elements, its average height is O(1) with high probability. Since a

treap has an expected height of O(log𝑛), the pipeline processes𝑚 updates in O(log𝑛 +𝑚) time,

in expectation and with high probability, with space cost O(𝑚 log𝑛). Contreap further develops

a hybrid execution strategy to improve practical performance by processing lower level nodes

with different threads. Contreap provides efficient support for historical queries over predefined

statistics. In our proposed ConTree, we also adopt a hybrid execution model. However, unlike

Contreap’s hard-coded treap-specific scheduler, our hybrid policy is tree-agnostic and applies to

diverse tree structures and update rules.

In summary, existing multi-threaded path-copying solutions are largely tailored to BSTs, which

are not ideal for general-purpose queries such as point lookups and range scans. Meanwhile, popular

tree indexes lack efficient support for concurrent path copying. To fill this gap, we propose a general

method for concurrent path copying in tree structures, instantiate it on ART and B+Tree, and

address key challenges via two novel designs: AERT and BeTree.

2.3 Related Works

Temporal Database. Temporal databases have been studied extensively since the 1980s [13, 20, 27,

32, 68], supporting queries for various temporal patterns, such as time point/range queries, multi-

temporal queries, and temporal joins. A series of database systems, such as Microsoft Immortal DB

[53], Ganymed [59], Skippy [66], have been developed to support various applications. While these

systems aim to support structured queries, we focus on per-update snapshots for key-value stores.

Since our work enables the retrieval of the state associated with any key at any historical moment,

it also supports queries over a time interval for accumulated metrics (e.g., counts), as the result can

be computed from the difference between the states at the interval boundaries.

There also exists a line of research, such as Timeline Index [44], Period Index [16], and HINT [26],

that focuses on duration queries of global information (e.g., orders within a period). Another line

of research has proposed persistent sketches [67, 74] to support approximate aggregate queries

(e.g., entropy) over time.

B-trees. Since its inception in the 1970s, the B-tree [28] accumulates an extensive body of re-

search [35, 36] and has become the most dominant index structure in the field of databases. The

B+Tree is the most common form of the B-tree. There are numerous variants of the B+Tree, such as

B*Tree [17], Blink-tree [49], Bw-tree [52, 73], and Bp-tree [75] to accommodate different platforms

and applications.

Although B-trees were originally designed for on-disk database systems, it is also widely used in

in-memory databases [5, 9, 11]. Therefore, numerous studies [37, 38, 40, 48, 56, 57, 60, 61, 73, 75]

seek to improve the performance of in-memory B-trees. These optimisations are orthogonal to

our research. In addition, there is a broad body of work on enhancing B-tree performance in

persistent memory [24, 58, 76] and flash memory [39, 41, 52, 64], as well as studies leveraging GPUs

to accelerate B-tree performance [15, 80].

Tries. Tries are widely studied for in-memory databases, as well-engineered tries often outperform

comparison-based indexes (e.g., B-trees) for lookups [14, 18, 46, 51, 77, 78]. Unlike hash tables, tries

preserve key order and thus support range queries.
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ART [51] is an efficient trie variant widely used as the default index in several in-memory

databases [3, 12, 45]. A series of subsequent studies extend ART to non-volatile memory [55],

disaggregated memory [54], and distributed systems [30, 79], and accelerates it with GPUs [47].

MassTree [56] is the default index structure in Silo [71]. It is a trie with a span of 8 bytes, where

each node is a B+Tree. This structure could potentially be combined with our BeTree.

Non-Blocking Tree Structures. A line of work designs latch-free (non-blocking) trees to improve

multi-threaded performance. NB-BST [33] is a latch-free BST, and PNB-BST [34] extends it with

persistent updates, but neither maintains balance, limiting practicality. A general technique for

non-blocking trees [23] targets efficient concurrent in-place updates. In contrast, ConTree targets

concurrent path copying to efficiently support snapshots.

3 The ConTree Library
On modern platforms, exploiting multiprocessors via concurrency is a principal approach to

improving performance. Nevertheless, constructing a concurrent tree index remains a complex task.

In the context of concurrent path copying, ensuring consistency among versions while maintaining

performance remains a major challenge.

In this paper, we present ConTree, which is a lightweight programming library that models the

recursive update process as a state machine and provides encapsulated interfaces for state changes.

We will introduce the details of these interfaces in Sec. 3.1.

Through ConTree, we offer a general framework that facilitates concurrent path copying to

tree structures, compatible with heterogeneous node layouts and various update process. Notably,

ensuring the correctness of concurrent path copying imposes inherent constraints on the update

process. Once an update process adheres to these constraints, it can be systematically transformed

into a state machine using general techniques, as we will discuss in Sec. 3.2.

As noted in Sec. 2.2, path copying provides immutable snapshots. Thus, query operations, such as

lookups and scans, are wait-free and remain unchanged from their original serial implementations.

ConTree transparently enables non-blocking and starvation-free concurrent updates while guaran-
teeing order-preservation. The term update refers to the modify-if-exists, insert-otherwise operation,

which is also known as an upsert. ConTree abstracts away low-level concurrency concerns—such

as thread scheduling, memory ordering, and fine-grained synchronisation—allowing developers to

focus on designing the tree index itself. Formally, we define the function Update(key,𝐹), where
𝐹 : 𝐾 ×𝑉⊥ ↦→ 𝑉⊥ is a function that returns a new value corresponding to the key and the current

value. The behaviour of the update function is:

• if the element exists, update the value to 𝐹 (key, val);
• otherwise, create a new node with value 𝐹 (key,⊥).

For simplicity, we use value to denote the return value of 𝐹 in pseudocode and descriptions when

no ambiguity arises. Deletion employs the soft-deletion technique of setting the value to ⊥, as
widely supported in systems such as HBase [6] and Kafka [7].

ConTree requires a version field in each node to indicate its creation version. In Sec. 4, we will

introduce how to utilise this field, instead of locks or atomic variables, to ensure correctness under

concurrency. In the rest of this section, we focus on implementing update functions with ConTree.

3.1 The State Machine Model
ConTree uses a state machine model to capture an update process with three components: states S,
contexts C and handlersH .

The state set S includes two reserved states, INIT and DONE, which represent the initial and

terminal states, respectively. Other states can be defined as needed by the data structure developer.
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Algorithm 1: An Instance of Context

1 Class context :
2 uint ver

3 K,V key, val

4 node ∗𝑇root, ∗𝑇past, ∗𝑇curr
5 args · · · // customized arguments

During the update process, ConTree interacts with the developer through the context. Alg. 1

presents an example of such a context. Essentially, the context includes the version number, the

key and value of the update, as well as several pointers to tree nodes. Specifically, the following

three pointers are used: (1) 𝑇root, which points to the root node of the current version; (2) 𝑇past,

which points to the parent node of the node in the old version that requires copying and updating;

and (3) 𝑇curr, which points to the parent node of the node that is copied and updated in the new

version. In addition, the context may include additional parameters that are utilised during the

update process of certain tree structures.

All states q ∈ S, except for DONE, have a corresponding handler𝐻 ∈ H which is a procedure that,

given a context, returns the next state. As a side effect, 𝐻 updates the current version of the tree by

copying or creating new nodes as necessary, according to the state and context, and correspondingly

updates 𝑇past, 𝑇curr and the customised parameters in the context. ConTree enforces the following

initialisation: before executing the handler for INIT state, 𝑇past in the context is set to the root

node of the previous version.

3.2 Convert Recursive Process to State Machine
Tree updates are naturally recursive. To make concurrency explicit and implementation-agnostic,

we express a standard recursive update by first modeling it as a state machine and then mapping

each state to a handler. We use a BST as a purely didactic example; similar conversion can apply to

other trees (e.g., ART, B+Tree).

Alg. 2 shows the recursive process for serially performing path copying on a BST. If the current

node is nil, indicating that the requested key does not exist, a new node is created and returned

(Line 5). Otherwise, the current node is copied (Line 6). The value of the copied node is updated if

its key is equal to the requested key (Line 7). If not, the recursive process continues on either the

left or right subtree, depending on the key comparison (Lines 8–11).

Alg. 3 shows the corresponding concurrent implementation using ConTree, where the object

name for members of the context is omitted for simplicity. For example, 𝑇root, 𝑇past and 𝑇curr are

shorthand for ctx.𝑇root, ctx.𝑇past and ctx.𝑇curr, respectively. For convenience, we refer to the

CopyUpdate function as the search function. The first parameter,𝑇&, of this function is a reference
to the node pointer to be initialised. Developers can convert the recursive update process into a

state machine as follows:

• Classify node data into two parts: (1) pointers to child nodes, and (2) all other data, which is

referred to as the node content.

• In the search function, process the case directly and return DONE if it does not involve node

copying (Lines 3–5).

• Each remaining case corresponds to an intermediate state. In the search function, copy only the

content of the node, leaving the child pointers uninitialised (Line 6).

• If a case corresponds to a final step (e.g. REPLACE), copy the child pointers and return DONE in the

corresponding handler.
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Algorithm 2: Path-Copying Update to BST

1 Class node :
2 key, val // node content

3 lch, rch // child pointers

4 Function CopyUpdate(𝑇past, key, val) :
5 if 𝑇past = nil then return NewNode(key, val)
6 𝑇curr := Copy(𝑇past)

7 if key =𝑇past .key then 𝑇curr.val := val

8 else if key < 𝑇past .key then
9 𝑇curr.lch := CopyUpdate(𝑇past .lch, key, val)

10 else
11 𝑇curr.rch := CopyUpdate(𝑇past .rch, key, val)

12 return 𝑇curr

• Otherwise, determine the recursive direction in the search function based on the node content

(Line 10). In the corresponding handler (e.g. SEARCH), copy the irrelevant child pointers (e.g., the

opposite subtree in a BST), update 𝑇past and 𝑇curr, and recursively invoke the search function.

To maintain consistency across versions in concurrent path copying, other threads may safely

access the fields of a node only after the node becomes immutable. If some fields of a node depend

on updates in descendant nodes, those fields must not be accessed until all relevant lower-layer

updates complete. In this context, if each node is treated as an update unit, its child pointers

inevitably depend on the child nodes. This dependency recurses upwards from the leaf, making

the root the last node to become immutable during the update process. This issue makes updates

degenerate into serial execution, since the root node for the next update must use information from

the current root. Hence, in Alg. 3, we separate each node into content and child pointers, deferring

initialising child pointers until child node update finishes (Lines 16, 20, 22).

Accordingly, if a node is no longer subject to modification during backtracking, it becomes safely

accessible to other threads once the update operation recurses into its child nodes. Such a recursive

process, where recursive calls are directly followed by returns, is termed tail-recursion. In a

tail-recursive process, each call corresponds to a state transition. Hence, a tail-recursive process

can be converted into a state machine by the approach outlined above.

Still, for some tree structure, the updates are inherently non–tail-recursive. If backtracking is

needed only within a subtree, the subtree can be updated as a whole and exposed to other threads

only after completion. This ensures the preceding search remains tail-recursive, and if the height of

the subtree is bounded, as in the Contreap split, the preceding part can still proceed concurrently.

So far, we have considered only the case of creating a copy based on the content of the original

node. However, in certain cases [42], the content of a subtree root may depend on information

from the whole subtree. A node content may still depend on the content of its child nodes even

when the update process is tail-recursive for certain tree structures [63]. In the next section, we

present how ConTree extends the state machine to support such cases.

4 The ConTree Implementation
In this section, we show how ConTree enables efficient concurrent path copying without locks or

atomic operations such as CAS. Both context and node types are aligned to cache lines (typically

64/128 bytes), following established practice to prevent false sharing [21].
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Algorithm 3: Path-Copying Update to BST with ConTree

1 Class context : · · · , dir
2 Function CopyUpdate(𝑇&, ctx) :
3 if 𝑇past = nil then
4 𝑇& := NewNode(key, val)
5 return DONE

6 𝑇& := CopyContent(𝑇past)

7 if key =𝑇past .key then
8 𝑇&.val := val

9 return REPLACE

10 dir := if key < 𝑇past .key then 0 else 1
11 return SEARCH

12 Handler INIT(ctx) :
13 q := CopyUpdate(𝑇root, ctx), 𝑇curr :=𝑇root
14 return q

15 Handler REPLACE(ctx) :
16 𝑇curr.ch[0] :=𝑇past.ch[0], 𝑇curr.ch[1] :=𝑇past.ch[1]

17 return DONE

18 Handler SEARCH(ctx) :
19 𝑇curr.ch[1−dir] :=𝑇past.ch[1−dir]
20 𝑇past :=𝑇past.ch[dir]

21 q := CopyUpdate(𝑇curr.ch[dir], ctx)
22 𝑇curr :=𝑇curr.ch[dir]

23 return q

4.1 Dependency Resolution
The worker pattern is a straightforward concurrent scheme: each thread, referred to as a worker,
repeatedly invokes handlers on a received update request until its state becomes DONE. To ensure

correctness when multiple workers independently process different updates, it is essential to ensure

that the node content and child pointers used by the handler are initialised prior to each invocation.

Alg. 4 shows how a worker executes a state machine in ConTree. We use stage to denote the

depth of the node being processed in the current version. ConTree maintains a global buffer to track

the stage of each ongoing update. A worker uses the SyncStage primitive to advance the stage of

the update it is executing. The primitive WaitStage blocks until the stage of the referenced version
is at least the specified stage. Recall that, after a tail-recursive update process begins to access a

node at a certain depth, no further modifications are made to the shallower nodes on the search

path. Therefore, to ensure correctness, it suffices to place memory barriers within SyncStage and

WaitStage to prevent instruction reordering.

There are several concepts in Alg. 4 that need to be clarified:

• The comitted version (cv in Lines 2, 6, 8). Updates are order-preserving, meaning each version

fully incorporates all prior updates, yet updates on different keys may complete out-of-order.
For example, in Fig. 3(a), while node 5 in 𝑇2 must be created after that in 𝑇1, node 6 in 𝑇2 can be

inserted before node 4 in 𝑇1 because the remaining search paths are disjoint. Accordingly, we

define an update as committed only when it and all prior updates have completed. The stage of a

committed version is regarded as∞.
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Algorithm 4: Execute a State Machine with a Worker

1 Procedure Execute(ver, key, val) :
2 WaitStage(ver−1, 1), cv := CommittedVersion( )

3 𝑇past := Root(ver−1), q := INIT, stage := 1

4 while q ≠ DONE do
5 repeat
6 if cv < 𝑇past.ver then
7 WaitStage(𝑇past.ver, stage+D[q])
8 cv := CommittedVersion( )

9 q := H[q](ctx)

10 until FA[q]
11 SyncStage(ver, stage), stage := stage+1
12 Finish(ctx)

• The downward dependency (D[q] in Line 7). D[q] takes values 0, 1, or∞. The default value
is 0, indicating that the handler only utilises contents on the current search path. Developers

can set it to 1 or∞ when a handler needs to access a child node content or the entire subtree to

update current node, respectively.

• The forge ahead flag (FA[q] in Line 10). By default, FA[q] is TRUE, meaning the handler

copies and updates a node and advance the version stage. Developers can set it to FALSE to

declare a handler as a sub-step of the current stage, facilitating the decomposition of complex

handlers—particularly for subcases with different downward dependencies.

At the beginning, the worker waits for the previous version to reach stage 1 to ensure its root

node is initialised (Line 2). Then, the worker sets 𝑇past to the root node of the previous version

(Line 3). After that, the worker repeatedly checks dependencies (Lines 6–8), invokes the handler

(Line 9), and advances the stage (Line 11) until the status becomes DONE. This process shows that:

Lemma 4.1. Alg. 4 is non-blocking and starvation-free.

As discribed in Sec. 2.2, a data item is written only once during its initialisation. Therefore, threads

will not compete to write data, preventing starvation. Instead, writers exhibit data dependencies.

Since data from newer versions unidirectionally dependent on older ones, the earliest incomplete

update is always eligible for execution, which guarantees the non-blocking progress.

When a worker encounters a node created in a committed version, it will skip dependency checks

for the remaining steps. The correctness of this optimisation relies on the following property:

Property 4.2. In a tree updated by path copying, a parent node is always created in a version that
is no earlier than its child nodes.

Specifically, the child node on the search path shares the same version as it parent node, while

the versions of other child nodes are earlier than that of the parent node. Consequently, if a node is

created in a committed version, all nodes in its subtree also belong to completed versions. Therefore,

dependency checks can be safely omitted in subsequent steps.

4.2 Reduce Synchronisation Overhead
The worker pattern supports flexible concurrency and, in principle, supports arbitrarily many

workers. In practice, however, concurrency is constrained by the tree’s structure.Specifically, the

workers actually execute one by one when setting the root node (Alg. 4 Line 2). Moreover, when

the number of possible search paths is limited, the search paths of different workers may overlap.
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In this scenario, the overhead incurred by frequent synchronisation among workers may outweigh

the benefits of concurrent execution, thereby becoming a performance bottleneck.

To reduce synchronisation overhead, we adopt the hybrid execution idea of Contreap [42]. In

contrast to the hard-coded, treap-specific hybrid scheduler of Contreap, we propose a tree-agnostic

scheduling policy. Our hybrid execution model is configurable and applicable to diverse trees and

update rules.

Our hybrid executor uses a parameter 𝑑 > 0 to partition the tree: nodes with depth < 𝑑 form

the upper part and the rest the lower part. The upper part runs in a pipeline pattern—each
layer is handled serially by a dedicated pipe—to reduce contention on hot nodes. Below depth 𝑑 , it

switches to a worker pattern so independent workers can proceed on mostly disjoint paths. This

hybrid is a pluggable policy in ConTree, not tree-specific, so only 𝑑 needs tuning per index.

Alg. 5 presents the components of the hybrid execution framework, which consists of the

following four roles:

• The first pipe (Lines 8–13), denoted as the entry, receives submissions and assigns each request a

monotonically increasing version. It then initialises the context, processes the root node via the

handler, and forwards the result to the next pipe.

• An inner pipe (Lines 14–17) repeatedly receives the state and context from the preceding pipe,

processes an internal node by invoking the handler, and forwards the result to the next pipe.

• The last pipe (Lines 18–20), denoted as the exit, maintains a pool of idle workers and assigns the

state and context to an available worker upon receipt from the preceding pipe.

• Workers continuously receive updates that have been processed by the pipeline and execute

remaining steps until completion.

In a pipeline, each pipe processes update steps sequentially within its designated layer. Further-

more, pipes eliminate stage synchronisation. Instead, downward dependencies are addressed via

the direct use of the committed version only if inevitable (Line 4). Building on these principles,

an inner pipe, adhering to a single-producer-single-consumer pattern, exclusively receives data

from its preceding pipe and transmits data to its next pipe. On modern architectures, this feature

introduces substantially lower overhead in comparison to the synchronisation primitives utilised

by concurrent workers. Nevertheless, the low synchronisation cost achieved by the pipeline pattern

comes at the expense of certain trade-offs.

On the one hand, the pipeline pattern limits the degree of concurrency, as each pipe executes

update steps sequentially within a given layer. As discussed in Sec. 4.1, when the subtrees assigned

to different workers are mutually disjoint, dependency checks may be safely omitted by inspecting

the committed version, thereby reducing synchronisations. Consequently, as the probability of

update overlap diminishes with increasing depth, the benefit of reduced synchronisation overhead

provided by the pipeline becomes outweighed by the cost of its limited concurrency.

On the other hand, the efficiency of the pipeline is determined by the performance of the slowest

pipe. If a particular pipe frequently executes handlers with high overhead, or encounters downward

dependencies that result in prolonged waiting, it becomes a performance bottleneck and diminishes

the efficiency of the entire pipeline. In contrast, when workers operate without overlap, they can

execute independently and be free from mutual interference.

We summarise the following strategies about the pipeline depth and the handlers in pipeline for

achieving high update efficiency:

Principle 4.3 (Pipe Cardinality and Handler Discipline). Use the minimum number of pipes
required to keep worker overlap probability acceptably low. Avoid high-overhead handlers and any
downward dependencies within pipeline.
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Algorithm 5: Components of Hybrid Framework

1 Function ForgeAhead(q , ctx) :
2 if q = DONE then return q

3 repeat
4 if D[q] ≠ 0 then WaitCommit(𝑇past.ver)
5 q := H[q](ctx)

6 until FA[q]
7 return q

8 Pipe Entry Loop :
9 ver := ver+1, Receive(key, val)

10 ctx :=
{︁
ver, key, val,𝑇past =𝑇last

}︁
11 q := ForgeAhead(INIT, ctx)
12 𝑇last := ctx.𝑇root
13 {q , ctx} → 𝑃1

14 Pipe Inner(𝑖) Loop :
15 {q , ctx} ← 𝑃i

16 q := ForgeAhead(q, ctx)
17 {q , ctx} → 𝑃i+1
18 Pipe Exit Loop :
19 {q , ctx} ← 𝑃𝑑

20 SendToFreeWorker(q , ctx)
21 Thread Worker Loop :
22 ReceiveFromPipeline(q , ctx)
23 · · · // execute Lines 4–12 in Alg.4

4.3 Enable Global Operations via Checkpoints
In Sec. 3, we described how to utilise ConTree to implement concurrent path copy, while in the

earlier part of Sec. 4, we discussed how ConTree transparently supports concurrent path copy.

However, there are cases where certain maintenance cannot be performed during path copy. For

example, developers may prefer reconstructing the entire tree or certain subtrees when the number

of soft deletions, either globally or locally, exceeds a given threshold.

ConTree allows developers to configure a checkpoint interval and include a global-operation

field gop into the context. Upon update completion, ConTree retains this field if its value is not

NONE. At the end of each cycle, if the record is not empty, the entry pipe waits for all prior updates

to complete, then passes these records along with the latest tree version to a customised method.

It is important to note that if a checkpoint is triggered, we must wait for all preceding updates to

complete. Besides, a checkpoint will block subsequent updates until the customised global function

has finished execution. We should follow the following design principle to keep update efficiency:

Principle 4.4 (Checkpoint and Global Function Discipline). Avoid frequent checkpoint and
high-overhead global function.

5 Tree Structures based on ConTree
In Sec. 3, we demonstrate how developers can leverage ConTree to implement concurrent path

copying, while avoiding the intricacies of concurrent programming. However, in contrast to its

serial counterpart, the concurrent implementation requires the update process to be tail-recursive.
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Algorithm 6: Update Process for ART
1 Class context : · · · , ofs
2 Function CopyUpdate(𝑇&, ctx) :
3 𝑙 := PrefixMatch(𝑇past, key, ofs)
4 if 𝑙 < 𝑇past.len then
5 𝑇trunc := Truncate(𝑇past, 𝑙)
6 𝑇new := NewLeaf(key,val,ofs+𝑙+1)
7 𝑇& := Fork(key, ofs, 𝑙 , 𝑇trunc, 𝑇new)
8 return FORK

9 ofs := ofs+𝑙
10 if ofs=strlen(key) then
11 𝑇& := CopyUpdateValue(𝑇past, val)
12 return REPLACE

13 𝑘 := PartialKey(key, ofs), ofs := ofs+1
14 if ChildExist(𝑇&,𝑘) then
15 𝑇& := CopyContent(𝑇past)

16 return SEARCH

17 𝑇new := NewLeaf(key,val,ofs)
18 if Full(𝑇past) then
19 𝑇& := Grow(𝑇past), SetChild(𝑇&, 𝑘 ,𝑇new)
20 return INSERT_GROW

21 else
22 𝑇& := CopyContent(𝑇past), SetChild(𝑇&, 𝑘 ,𝑇new)
23 return INSERT

Furthermore, as discussed in Sec. 4, it is desirable for the update process of the tree structure to

satisfy certain design principles in order to enhance practical efficiency. Therefore, designing a tree

structure that supports efficient path copying remains a significant challenge.

In this section, we analyse the bottlenecks associated with concurrent path copying in ART and

B+Tree, and propose AERT and BeTree as respective solutions. Notably, as the handlers primarily

set pointers and invoke the search function recursively, our discussion will focus on the search

function. Due to limited space, the details on the handlers are provided in our technical report [2].

5.1 Adaptive Equalised Radix Tree
Fig. 4 shows the four cases that may arise when updating an ART:

(a) Prefix mismatch: Fork to create a new internal node with the common prefix truncated from

the current node. Attach the current node and a new leaf to the new internal node as its child

nodes, with the leaf storing the mismatched key suffix.

(b) Prefix match the entire key suffix: The current node is the target. Update the value for this key

in the ART index.
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Algorithm 7: Additional Case for AERT
1 Function CopyUpdate(𝑇&, ctx) :
2 · · ·
3 if Full(𝑇past) and Size(𝑇past) = 16 then
4 𝑇& := SplitInsert(𝑇past, 𝑘)
5 return INSERT_SPLIT

Header Keys Pointers
20B 4x1B 4x8B

Header Pointers
20B 16x8B

(a) Half Node4 (64 B) (b) Half Node16 (3×64 B)
Fig. 5. Half Node Layouts
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(c) Prefix match but no matching child: Create a new leaf node containing the element. Expand the

current node if it is full. Insert the new leaf node as a child node of the current node.

(d) Prefix match with matching child node: Recursively proceed the update to that child node.

Cases (a) and (c) indicate a missing element, completing the update with a leaf insertion. The update

recurses only in Case (d) and does not modify the the node after recursively visiting its child node.

Hence, the update process of ART is tail-recursive.

As outlined in Sec. 3.2, each case arising in the update process is mapped into a distinct intermedi-

ate state. In the case of ART, node insertion can be further classified into two sub-cases, depending

on whether the current node is full. Hence, mapping the ART update process as a state machine

yields five intermediate states: FORK, REPLACE, INSERT, INSERT_GROW, and SEARCH.
Alg. 6 shows the search function for ART. An offset field, denoted as ofs, is introduced into the

context to specify the starting position of the key substring to be matched. Correspondingly, the

INIT handler sets the offset to 0 and invokes the search function to update the root node. If Case (d)

occurs (Lines 14–16), it returns SEARCH, thereby prompting the next stage to continue the search.

The search process terminates if other cases arise. For Cases (a) (Lines 4–8) and (b) (Lines 10–12),

the search function returns FORK and REPLACE, respectively. Case (c) is further divided into two

subcases. If the current node is full—for example, when a Node4 already has four child nodes—the

search function responds by creating an expanded node, inserting the new leaf node, and returning

INSERT_GROW (Lines 18–20). Otherwise, the search function copies the current node, inserts the

new leaf node, and returns INSERT (Lines 21–23).

Performance Bottleneck of Path Copying in ART. Unfortunately, this straightforward im-

plementation performs poorly in practice. Regardless of the number of pipes and workers, the

throughput remains relatively low. Recall that, ART nodes have the same logical fanout of 256,

corresponding to one byte, and it employs adaptive node types to optimise for nodes with varying

actual fanouts. The largest node type, Node256, is much larger than the smallest not type, Node4.

Therefore, copying a large node is much more costly than copying a small node. Empirically, copy-

ing a Node256 requires approximately 1.5 microseconds, which is about 5, 20, and 45 times slower

than copying a Node48, Node16, and Node4, respectively. This is problematic because, for ARTs
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Fig. 7. Inserting Element ‘K’ and ‘L’ into B+Tree

managing large-scale data, the upper part are typically comprised of large nodes. Consequently,

Alg. 6 incurs high overhead in the upper part, which in turn forms the main bottleneck.

Adaptive Equalised Radix Tree (AERT). To address this issue, we employ half nodes, with a

logical fanout of 16 and thus represent half a byte. Accordingly, nodes with a logical fanout of 256

are called regular nodes. By introducing half nodes, we can adjust the logical fanout of nodes to

prevent the creation of overly large nodes, thus helping to equalise node sizes. We refer to the ART

with half nodes as the AERT. In AERT, a Node16 is split into two layers of half nodes, rather than

expanding to a Node48. We refer to the half node containing the leading half-byte as the top-half,
and the half nodes containing the following half-byte as the bottom-halves.
Analogous to regular nodes, we introduce Half4 and Half16 to accommodate varying fanouts.

Their layouts are shown in Fig. 5: Half4 resembles Node4/Node16, storing 4 partial keys and 4 child

pointers, while Half16 follows the Node256 layout in original ART, using a 16-entry lookup table

indexed by half-byte keys.

When a child node with a partial key of 67 is inserted into a node, assuming that the node already

has 16 child nodes, it will grow into a Node48 in ART as shown in Fig. 6(a). By contrast, in AERT, the

split process is invoked instead of growing the node, as shown in Fig. 6(b). The current node then

becomes the top-half, and its child nodes are partitioned into different bottom-halves according to

the leading half-byte of their keys. Since a node is split if it has 17 child nodes after inserting a new

child node, by the pigeonhole principle, there must be at least two different leading half-bytes. As a

result, the top half must contain at least two child nodes. However, for some leading half-bytes,

there may be only one corresponding following half-byte, such as the child node with a partial key

of 77 in Fig. 6. AERT employs tagged pointers to prevent the creation of a degenerate bottom-half.

Specifically, a half-byte is embedded in the lowest 4 bits of the pointer. As all nodes are 64-byte

aligned, the lowest 6 bits of the pointer are guaranteed to be 0, allowing the use of these bits for

tagging without affecting pointer correctness.

Alg. 7 shows the update function for AERT, omitting cases already covered in Alg. 6. We add

a new subcase under Case (c): If a Node16 is full, the search splits it, inserts the leaf node into

the appropriate bottom-half, and returns INSERT_SPLIT. Accordingly, in the next stage, the child

pointers from the original node are copied to the new bottom-halves, and the update process is

completed by inserting the new node into the corresponding bottom-half.

5.2 B-Elastic Tree
A typical B+Tree implementation first recursively locates the relevant leaf node to insert the new

element, and resolves any overflow during the backtracking phase. Clearly, such an update process

is not tail-recursive. A top-down update process [63] for the B+Tree can be achieved by temporarily

allowing non-leaf nodes to overflow, delaying the split until the node is revisited. Fig. 7 shows an

example of insertion process of a B+Tree with an order of 3:
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Algorithm 8: Update Process for B+Tree
1 Class context : · · · , idx
2 Function CopyUpdateRoot(𝑇&, ctx) :
3 if Overflow(𝑇past) then
4 𝑇& := SplitRoot(𝑇past), idx := 0

5 return SEARCH_SPLIT

6 𝑇& := CopyContent(𝑇past)

7 return SEARCH_ROOT

8 Function CopyUpdate(𝑇&, ctx) :
9 idx := Find(𝑇past, key)

10 𝑇&.ch[idx] := CopyContent(𝑇past.ch[idx])
11 if IsLeaf(𝑇&.ch[idx]) then
12 UpdateLeaf(𝑇&.ch[idx], key, val)
13 if Overflow(𝑇&.ch[idx]) then SplitLeaf(𝑇&, idx)
14 return DONE

15 if Overflow(𝑇&.ch[idx]) then
16 SplitChild(𝑇&, idx)
17 return SEARCH_SPLIT

18 return SEARCH

Algorithm 9: Update Process for BeTree
1 Function CopyUpdateUpper(𝑇&, ctx) :
2 𝑇& := CopyContent(𝑇past)

3 idx := Find(𝑇past, key)
4 if IsBoundary(𝑇&) then return SEARCH_ELASTIC

5 return SEARCH_UPPER

6 Function CopyUpdateElastic(𝑇&, ctx) :
7 · · · // Similar to CopyUpdateRoot in Alg.8

8 Function CopyUpdateLower(𝑇&, ctx) :
9 · · · // Similar to CopyUpdate in Alg.8

(a) Before accessing the root, we detect its overflow (Fig. 7(a)) and therefore split it (Fig. 7(b)). We

then search the new root to locate its child 𝑇𝛼 . Since a node cannot overflow immediately after

a split, we directly search 𝑇𝛼 and proceed to its child 𝑇𝛽 .

(b) Before accessing 𝑇𝛽 , we check for overflow. We then search it and reach leaf 𝑇𝛾 since 𝑇𝛽 does

not overflow. Insertion causes 𝑇𝛾 to overflow, triggering a split and inserting the pivot into 𝑇𝛽 ,

which consequently overflows. We tolerate this temporary overflow and complete the update

(Fig. 7(c) after inserting ‘K’).

(c) When inserting ‘L’, we find no overflow at the root or 𝑇𝛼 . However, 𝑇𝛽 is found overflowed

before access and is split, with its middle key promoted to 𝑇𝛼 . We then search the newly split

node to find the target leaf. With no overflow at the leaf after insertion, the update completes

(Fig. 7(d) after inserting ‘L’).

The variant of B+Tree [63] is slightly different from the typical structure, in that it omits leaf-to-

leaf links. This is because the path-copying process cannot efficiently maintain the linked list of

leaf nodes. Scanning therefore requires backtracking to parent nodes in order to find successive

leaves. For in-memory scans, this variant experiences a slight (∼ 6%) performance degradation.
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Fig. 8. Update Process of BeTree

Alg. 8 shows the search function for B+Tree, including three intermediate states: SEARCH_ROOT,
SEARCH, and SEARCH_SPLIT. An index field, denoted as idx, is introduced into the context to indicate
the child node to be accessed in the next step. Specifically, if the child node is split, the index field

indicates the position of the key that is promoted during the split. In the process of updating a

B+Tree, if the child node to be accessed overflows, a key is promoted into the current internal node.

This indicates that the content of a non-leaf node in a B+Tree is determined by the content of its

child nodes, resulting in a downward dependency D[q] of 1 for these intermediate steps.

The INIT handler invokes the search function CopyUpdateRoot to initialise the root node. For

simplicity, corner cases where the root node is either empty or a leaf node are omitted. If the root

node overflows (Lines 3–5), this corresponds to the case when the element ‘K’ is inserted. In this

case, the search function splits the current root node and creates a new root node, and, since the

content of the new root node has been determined, advances the search process to the next stage

by returning SEARCH_SPLIT. If the root node does not overflow (Lines 6–7), the search function

copies the content of the root node and returns SEARCH_ROOT. In this case, the content remains

undetermined, as it will be modified in the event that the next child node to be accessed overflows.

Therefore, the forge ahead flag FA[SEARCH_ROOT] should be set to FALSE.
Intermediate states are processed using the search function CopyUpdate. The search function

first locates the child node corresponding to the key and then copies its content to create a new

child node (Lines 9–10). If this child node is a leaf node (Lines 11–14), the search function directly

updates it, resolves leaf node overflow as necessary, and returns DONE. Otherwise (Lines 15–18), the
search function determines whether to adjust the content of the current node based on whether

the child node overflows, and returns either SEARCH_SPLIT or SEARCH accordingly.

Performance Bottleneck of Path Copying in B+Tree. As introduced in Sec. 4, ConTree resolves

downward dependencies on the pipeline side by waiting for the commitment of the given version.

Since all intermediate states of the B+Tree exhibit downward dependencies, this causes the update

process to degrade into serial execution. Given that prior work [42] has shown the pure worker

pattern to be inefficient in practice, we further attempt to specify a pipeline that satisfies the

dependencies of child nodes without blocking and waiting for the previous version to commit.

However, addressing downward dependencieswithin the pipeline still incurs substantial overhead.

Consequently, as we will report in the experiments, the optimal pipeline configuration for B+Tree

employs only two stages. In this case, after the entry pipe processes the root node, the remaining

steps are directly forwarded to the worker through the exit pipe. This shallow pipeline is insufficient

to effectively reduce the likelihood of data overlap among workers. The absence of an appropriate

trade-off between the extra synchronisation overhead and the data conflicts constitutes the main

bottleneck, thereby constraining the performance of concurrent path copying in the B+Tree.

B-Elastic Tree (BeTree).Motivated by this limitation, we introduce elastic nodes to eliminate

downward dependencies in the upper part, thus mitigating the performance bottleneck. Fig. 8

shows an example of a BeTree, where the area above the dotted line is the upper part, and the area
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Algorithm 10: Build B+Tree from Sorted Elememts

1 Function Build(𝑏, 𝑛, elems) :
2 if 𝑛 < 2·𝑏 then return NewLeaf(elems, 0, 𝑛)
3 𝑚 := 𝑛/𝑏, NewArray(keys,𝑚), NewArray(nodes,𝑚)

4 for 𝑖 ∈ range(𝑚) do
5 keys[𝑖] := elems[𝑖 ·𝑚] .key
6 nodes[𝑖] := NewLeaf(elems, 𝑖 ·𝑚, (𝑖+1)·𝑚)

7 return BuildInner(𝑏,𝑚, keys, nodes)

8 Function BuildInner(𝑏, 𝑛, keys, nodes) :
9 if 𝑛 < 2·𝑏 then return NewInner(keys, nodes, 0, 𝑛)

10 𝑚 := 𝑛/𝑏, NewArray(keys′,𝑚), NewArray(nodes′,𝑚)

11 for 𝑖 ∈ range(𝑚) do
12 keys′ [𝑖] := keys[𝑖 ·𝑚]
13 nodes′ [𝑖] := NewInner(keys, nodes, 𝑖 ·𝑚, (𝑖+1)·𝑚)

14 return BuildInner(𝑏,𝑚, keys′, nodes′)

below is the lower part. Elastic nodes are defined as the uppermost nodes in the lower part, while

their parent nodes—that is, the lowest nodes in the upper part—are termed boundary nodes. As
depicted in Fig. 8(a), when the elastic node 𝑇𝛽 overflows, it is split directly, in a manner similar to

the root split in a B+Tree. This split creates two new child nodes and a parent node 𝑇𝛾 . As shown

in Fig. 8(b), 𝑇𝛾 becomes the new elastic node, and is attached as a child to the boundary node 𝑇𝛼 ,

thereby avoiding any impact on the contents of 𝑇𝛼 . The child nodes are converted into regular

internal nodes. We term the layers containing such child nodes the cushion layers. Note that,
cushion layers are defined per lower tree and their presence and count may vary, depending on

how many elastic-node splits have occurred in that particular lower tree. For example, in Fig. 8(b),

in the lower tree rooted at 𝑇𝛾 , the nodes with keys ‘FK’ and ‘PQ’ reside in a cushion layer.

With the help of elastic nodes, we employ distinct update procedures for the upper part and the

elastic layer. This leads to two additional intermediate states: SEARCH_UPPER and SEARCH_ELASTIC.
Alg. 9 shows the search functions for BeTree. During the update process, the entry pipe handles

the INIT state, invoking the search function CopyUpdateUpper to initialise the root node. Subse-

quently, each inner pipe utilises this search function to process the SEARCH_UPPER state, continuing
until the final inner pipe encounters a boundary node and returns the SEARCH_ELASTIC state. The

remaining steps of the update will be delegated to a worker for further execution. It is evident

from Alg. 9 that, in a BeTree, the search process in the upper part does not exhibit downward

dependencies, and thus, ConTree can be effectively utilised to implement concurrent path copy.

The BeTree improves the efficiency of processing within the upper part. Elastic nodes intercept

the effects of all updates. We refer to a subtree rooted at an elastic node as a lower tree. Each lower

tree resembles a B+Tree and evolves independently during updates. Accordingly, the upper part

becomes static. As updates accumulate, the heights of the lower trees may diverge, resulting in

leaf nodes of the BeTree appearing at varying depths. Excessive updates to a particular lower tree

may cause its height to far exceed that of others, rendering the BeTree unbalanced and adversely

impacting performance. To restore balance and thus ensure efficiency, we leverage the checkpoint

mechanism of ConTree as introduced in Sec. 4.3 to perform on-demand reconstruction. Then, we

will present our partial reconstruction algorithm.
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Algorithm 11: Partial Rebuild for BeTree

1 Function Collect(𝑇 , keys, nodes) :
2 if IsUpper(𝑇) or strain(𝑇)> 0 then
3 for 𝑖 ∈ range(size(𝑇)) do
4 if 𝑖 > 0 then Append(keys, 𝑇 .keys[𝑖−1])
5 Collect(𝑇 .ch[𝑖], keys, nodes)
6 else Append(nodes,𝑇)
7 Function Rebuild(𝑇 , 𝑏, 𝑑) :
8 keys := EmptyArray(), nodes := EmptyArray()

9 Append(keys, ⊥), Collect(𝑇 , keys, nodes)
10 𝑇 ′ := BuildInner(𝑏, size(keys), keys, nodes)
11 return SetBoundary(𝑇 ′, 𝑑)

Partial Reconstruction. Alg. 10 shows the process of building a B+Tree from elements sorted

by key. For simplicity, we assume that 𝑛 is a multiple of 𝑏 at each level; otherwise, the remaining

elements or child nodes are evenly assigned among nodes.

Building a tree with 𝑛 records yields a O(𝑛) computation cost, which is prohibitively high for

large-scale data. To address this issue, we propose a partial rebuild approach which involves only a
limited subset of nodes. This method restores the BeTree to a fully balanced state, ensuring that all

leaf nodes reside at the same depth.

In a BeTree built by Alg. 10, all lower trees have uniform height. After several updates, different

lower trees may undergo different numbers of elastic-node splits, resulting in varying numbers of

cushion layers and, consequently, different heights. However, the property holds that the height of

each subtree rooted at a bottommost cushion node equals that of any lower tree that has never

split. Thus, the reconstruction scope can be limited to nodes across the upper part, the elastic layer
and the cushion layers.
For clarity, we introduce the term elastic strain to describe a property of nodes in the elastic

and cushion layers. In a newly built BeTree, all elastic nodes are initialised with elastic strain 0. A

node split results in two peer nodes that retain the strain of the original node. Splitting an elastic

node produces a new elastic node, whose strain is increased by 1. For example, the elastic node 𝑇𝛽
in Fig. 8(a), has a strain of 0. Split 𝑇𝛽 creates two peer nodes at strain 0 and the new elastic node 𝑇𝛾
at strain 1. If 𝑇𝛾 undergoes a subsequent split, the resulting elastic node will then have a strain of 2.

Alg. 11 shows how BeTree rebalances via partial rebuild. Define the partial set T as the set of

nodes with zero elastic strain. The first step is to collect nodes in T , along with their corresponding

keys. The collection process is performed recursively, starting from the root node and proceeding

downwards to nodes in the lower part with non-zero elastic strain, ultimately collecting those

nodes whose elastic strain is zero (Line 6). The set of keys relevant to the rebuild process comprises

all keys contained in the nodes traversed during the collection of subtrees (Line 4). Note that, the

smallest key cannot be obtained during collection and a void key ⊥ is inserted before the collection

(Line 9). This is valid since the first key is not needed during the rebuild. Fig. 8(c) shows an example

of the collection process, where the dashed box frames the collected keys, and the outgoing edges

from the box point to the collected subtrees.

Since all subtrees rooted at nodes in T have equal height, restructuring the nodes in T restores

balance to the entire tree structure. When the collection is completed, we invoke the BuildInner
function, as shown in Alg. 10, to partially restructure the upper part of the tree. Then, we reinitialise

boundary nodes and elastic nodes (Line 11). Fig. 8(d) illustrates the tree after rebalancing. Since

the higher levels of the tree contain far fewer nodes than the lower levels, a partial rebuild is
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substantially less costly than a complete rebuild. This significantly reduces the execution time of a

checkpoint upon triggering. Next, we introduce the trigger conditions.

The Frequency of Reconstruction.We adopt a simple and practical strategy: when an elastic

node of strain 2 is created, the SEARCH_ELASTIC handler sets gop field in the context. As noted

in Sec. 4.3, this triggers the global function to rebuild the tree at the end of the current cycle. Since

each lower tree in BeTree is a B+Tree, we estimate the rebuild frequency by lower-bounding the

number of insertions needed for a B+Tree to grow two levels.

Theorem 5.1 (Rebuilds are infreqent). For a lower B+Tree of order 𝑏 and height ℎ, triggering
the second root split requires amortised Ω(𝑏ℎ+2) insertions. Hence, BeTree rebuilds are rare when lower
trees have moderate height.

Proof. For a B+Tree of order 𝑏, we define the potential of each non-root node 𝑇 as 𝜙 (𝑇 ) =
𝑏h(𝑇 ) (sz(𝑇 )−𝑏), where sz(𝑇 ) denotes the number of child nodes if 𝑇 is a non-leaf node, or the

number of records if 𝑇 is a leaf node. Clearly, 𝜙 (𝑇 ) ≥ 0. The total potential of a tree is defined as

the sum of the potentials of all non-root nodes.

We use𝑇0 to denote the root node and ignore the trivial case where𝑇0 is a leaf node. When a new

element is inserted, the number of elements in a certain leaf node increases by 1, resulting in the

total potential increases by 1. A non-root node𝑇 splits when sz(𝑇 ) = 2𝑏, at which point its potential

is 𝜙Δ = 𝑏h(𝑇 )+1. The split produces two nodes, 𝑇𝑙 and 𝑇𝑟 , each with sz(𝑇𝑙 ) = sz(𝑇𝑟 ) = 𝑏, and thus

each has potential 0. Meanwhile, for the parent node of 𝑇 , referred to as 𝑇𝑝 , sz(𝑇𝑝 ) increases by 1

after the split. When 𝑇𝑝 ≠ 𝑇0, 𝜙 (𝑇𝑝 ) increases by 𝜙Δ, thus the total potential remains unchanged.

Otherwise, the total potential decreases by 𝜙Δ. Consequently, since the total potential must be

non-negative, at least amortized 𝑏h(𝑇0 ) insertions are required to add a new key to the root.

We omit the insertions required to trigger the first split of the root node. After the split, the

new root has a height of h(𝑇0) + 1 and contains only two child nodes, which requires at least

2(𝑏 − 1) · 𝑏h(𝑇0 )+1 insertions to trigger the second split of the root node. □

In practice, the upper part is typically very small, thus the lower trees tend to have a sufficient

height. Therefore, under our strategy, the frequency of BeTree rebuilds is extremely low. Further-

more, under this strategy, the height difference between lower trees is typically no more than 2,

which ensures the efficiency of updates and queries in the BeTree.

6 Experiment
In this section, we conduct several sets of experiments to show the advantages of our solution. All

experiments are performed on a server with 128 GB memory, two Intel Xeon Gold 5320 processors,

each offering 26 cores with hyper-threading. All code [2] is implemented in C++20 and compiled

with full optimisation using GCC. We use mimalloc [50] for multithreaded memory management.

In our experiments, we include several methods. The first two methods are the ART that directly

applies ConTree library (Ref. to Sec. 5.1) and our proposed AERT to gain better concurrency using

the half-node optimisation. The next two methods are the B+Tree using ConTree with a customised

pipeline (Ref. to Sec. 5.2) and our proposed BeTree to gain better concurrency by introducing elastic

nodes. We also adopt Contreap [42] as a baseline. The test data are generated from YCSB [29],

a widely adopted benchmarking framework for evaluating the performance of general-purpose

key-value stores. All experiments are conducted over 10 independent runs, and the average results

are reported. In each run, we first generate 100 million records as the initial dataset, followed by

the execution of 1 million operations using 32 clients.
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Fig. 9. Update Performance and Scalability

Update Performance and Scalability. We first evaluate the update performance of all four

methods with path-copying update implemented with our ConTree library by performing 1 million

insertions across various pipeline and worker configurations. For comparison, the serial counterpart

of each data structure, where all path-copying updates are processed by a single process, is included

as a baseline represented by the dashed line. This allows us to illustrate the performance benefits

of concurrent updates.

Fig. 9(a) reports the throughput of AERT in million operations per second (MOPS). AERT, with 4

pipes and 16 workers, achieves a throughput approximately 5.2× that of its serial counterpart. In

comparison, as shown in Fig. 9(b), concurrent ART achieves a peak throughput of roughly 3.1×
that of the serial one, with 2 pipes and 8 workers. A comparison between Fig. 9(a) and Fig. 9(b)

further demonstrates that AERT achieves significantly higher update throughput than ART in serial

execution, primarily due to the considerable overhead incurred by copying large nodes in ART. By

introducing the half nodes, AERT effectively reduces the overhead associated with copying large

nodes, thereby achieving an update throughput roughly 2.6× that of ART under serial path-copying

update. Under concurrent execution with the best configuration, AERT achieves a throughput

approximately 4.8× that of ART, and about 15× that of the serial path-copying updates on ART.

Fig. 9(c) reports the throughput of BeTree. With 4 pipes and 16 workers, the concurrent BeTree

attains approximately 7.5× the throughput of its serial counterpart. In contrast, concurrent B+Tree

achieves at most 2× the throughput of the serial one under the 2-pipe, 8-worker configuration, as

illustrated in Fig. 9(d). Given that BeTree and B+Tree exhibit nearly identical throughput in serial

execution, this result highlights the significant efficiency gain that BeTree achieves in concurrent

environments. Notably, under test configuration for B+Tree, the upper part consists only of the

root node processed by the entry pipe, as the exit pipe does not perform updates. This observation

suggests that resolving downward dependencies within the pipeline incurs significant overhead.

BeTree addresses this performance bottleneck by introducing an elastic layer, enablingmore efficient

concurrent path-copying updates.

We also evaluate the update throughput of AERT and BeTree under a Zipfian workload. The

results show similar trends and are deferred to the technical report [2] due to limited space.

Performance under Mixed Workload. Next, we evaluate our solution under workloads with

varying proportions of mixed operations. The ‘-C’ suffix denotes the concurrent implementation

using ConTree, while the corresponding serial counterparts are indicated by the ‘-S’ suffix. Accord-

ing to the scalability experiment results above, we employ 4 pipes and 16 workers for concurrent

path copying in BeTree and AERT, and 2 pipes and 8 workers in B+Tree and ART. For each data

structure, we also include a serial in-place update variant denoted by the suffix ‘-I’ to show the

overhead of maintaining immutable snapshots via path copying.

Fig. 10 shows the throughput of AERT and ART under mixed workloads, while Fig. 11 shows the

corresponding results for BeTree and B+Tree. The first setting varies the ratio of lookups (point
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queries) mixed with updates. The second fixes the update ratio at 50% and varies the scan ratio in

queries. A 50% scan ratio means that scans and lookups each constitute 25% of the workload.

We begin with the mixed update–lookupworkload. Fig. 10(a) shows the results for AERT and ART.

Clearly, AERT-C outperforms the other methods by a substantial margin, achieving roughly 7.2×
the performance of ART-C when the query ratio is 50%. As described in Sec. 5.1, AERT significantly

reduces the overhead of copying large nodes by employing half nodes, giving AERT-S higher update

efficiency than ART-S. As a trade-off, in bytes with dense partial key distribution, splitting a single

Node48/Node256 into a two-level half-node structure increases tree height, resulting in roughly a

30% reduction in lookup performance. Since in-place updates do not involve copying, half nodes do

not offer benefits in this case, making AERT-I slower than ART-I. As shown later in Fig. 12, update

operations are considerably more expensive than queries. Hence, supporting concurrent updates

delivers substantial performance gains, as shown in Fig. 10(a), underscoring the effectiveness of

our concurrent path-copying framework.

Fig. 11(a) shows the results for BeTree and B+Tree. Concurrent updates again provide clear

throughput gains. BeTree-C outperforms other methods by a considerable margin, achieving

roughly 4.6× the throughput of B+Tree-C when the query ratio is 50%. Since splits rarely occur

at upper levels, BeTree-S and B+Tree-S maintain similar structures, resulting in nearly identical

performance. This is also observed for BeTree-I and B+Tree-I with in-place updates.

Next, we report the performance under the scan-intensive workloads. As shown in Fig.10(b)

and Fig. 11(b), both AERT-C and BeTree-C outperform their respective competitors. For in-place

update methods, the throughput declines for all data structures as scans block updates for extended

periods. For AERT-C, throughput declines further as the scan ratio increases, because the relatively

poor scan performance of ART makes the scan operations the bottleneck. In contrast, BeTree-C,

leverages the high scan performance of B+Tree, maintaining consistently high throughput.

Clearly, serial update by path-copying is slower than in-place update due to the copy overhead.

As a result, in Fig. 10(a) and Fig. 11(a), serial path-copy implementations perform worse than their

in-place counterparts under mixed workloads when the read ratio is low. Besides, when the read

ratio increases, the benefit of read-write separation — avoiding interference between queries and

updates — outweighs the copy overhead. Therefore, as the query ratio increases, serial path-copy

implementations outperform their in-place counterparts. Furthermore, for long-running queries

like scans, as shown in Fig. 10(b) and Fig. 11(b), the advantage of read-write separation becomes

even more pronounced.

Comparison with Existing Solutions. Fig. 12 shows the update, lookup, and scan performance of

AERT, BeTree, and Contreap [42]. Here, lookup and scan represent historical queries that randomly

access one version. AERT and BeTree have similar update performance, while Contreap achieves

around half their update throughput at the same scale, mainly because a BST has significantly

greater depth than the structures in AERT or BeTree at the same data scale.
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For lookup operations, AERT achieves around 1.5× the throughput of BeTree. This result shows

that AERT inherits ART’s advantages by utilising adaptive layouts, exploiting modern CPU features

such as cache locality, branch prediction, and SIMD instructions. Due to the greater node depth, the

lookup throughput of Contreap is less than 20% and 30% of that of AERT and BeTree, respectively.

BeTree demonstrates significantly superior scan performance compared to other tree structures,

with throughput roughly 3× that of Contreap and 6× that of AERT. In contrast to lookups, node

depth is not a bottleneck for scanning. Instead, node with a sparse format in adaptive layouts

hinders scan efficiency. Consequently, the scan throughput of AERT is about half that of Contreap.

Fig. 12 further includes P-Tree [69]. Note that P-Tree includes a tunable batch size to trade off

throughput vs. latency: larger batches amortise overhead but increase waiting time before updates

become visible, which is often impractical in real deployments with latency budgets. We therefore

report the results when the batch sizes are 10
3
, 10

4
, and 10

5
. P-Tree achieves similar throughput

as Contreap at a batch size of 10
5
. But 10

5
is already quite large in practice, making it impractical

in real deployments. To evaluate P-Tree’s native performance, we use only the coarse-grained

snapshots it provides, locating the last one before the query (lookup/scan) version, rather than

maintaining additional versioning information. In this scenario, the lookup and scan performance

of P-Tree is similar to that of Contreap, as both utilise balanced BSTs for data storage.

In summary, although BSTs are well-suited for range aggregation [42], it is not ideal for general-

purpose queries, such as lookups or range scanning. Moreover, we can observe that different tree

indexes offer unique strengths tailored to specific data types and workloads, and thus each excels

in distinct application scenarios. ConTree bridges this diversity by providing a unified and flexible

scheme for concurrent path copying. This library empowers developers to efficiently design and

implement tree indexes—not limited to BST, AERT, or BeTree—ensuring that index structures can

match the requirements of variant applications.

Memory Costs. We examine the memory overhead introduced by path-copying updates. We

compare each structure with its in-place counterpart: AERT vs. ART, BeTree vs. B+Tree, and

Contreap vs. Treap. As shown in Fig. 13, after updating 1% of the data, AERT uses about 1.15×,
BeTree about 2.2×, and Contreap about 1.35× the memory of their in-place versions. This ratio

captures the memory overhead of a practical strategy, which keeps fine-grained snapshots for

recent (e.g., the latest 1%) updates in memory to boost query performance. Older updates are

maintained with coarse-grained versions, while the rest are compressed and offloaded to disk.

In this case, memory use remains manageable while still supporting the efficient versioning and

historical queries essential for many analytical, business, and scientific use cases.

P-Tree use less memory than Contreap since is only maintains coarse-grained versions, and

the index size converges toward that of an in-place BST as the batch size grows (thus coarser

granularity): about 1.22× at 10
3
, 1.17× at 10

4
and 1.12× at 10

5
.
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End-to-End Performance. Finally, we use P-Tree’s benchmark framework [69] to evaluate the

end-to-end performance under the TPC-CH workload, which mixes the 22 analytical queries from

TPC-H with the 3 update types from TPC-C to test concurrent performance. Since the analytical

tasks in TPC-H are processed via scans, the experimental results in Fig. 12 indicate that BeTree is

better suited for this application scenario. Therefore, our experimental setup replaces the underlying

P-Tree with BeTree, and directly compare our solution against P-Tree in its default configuration.

Fig. 14 shows the execution time to run the 22 TPC-H queries on P-Tree and BeTree. Existing

BST-based indexes [42, 70] support efficient queries for simple, predefined range aggregates by

maintaining aggregated information in tree nodes. However, TPC-H includes complex and diverse

analytical tasks that often requires scanning. With its superior scan efficiency, BeTree (B+Tree-

based) processes queries faster than P-Tree (BST-based), outperforming P-Tree on all 22 queries.

Fig. 15 shows the transaction throughput of P-Tree and BeTree. The labels N, P, and D represent

theNew-Order, Payment, andDelivery transactions, respectively, andM denotes the TPC-Cworkload

mixed using its predefined ratio. Due to inter-transaction dependencies, P-Tree only enables intra-

transaction parallelism. In contrast, our solution supports concurrent updates since it is order-

preserving, which significantly increases concurrency, yielding an 8.5× speedup for mixed updates.

For individual transaction types, speedups are 8.6×, 10.7×, and 6.2× for N, P, and D, respectively.

Since both our solution and P-Tree use path-copying for read-write separation, their end-to-end

performance is directly comparable. Beyond the experiments reported above, we also evaluated

additional mixed workloads and observed the same performance trends. We omit these additional

results since both BeTree and P-Tree implement read-write separation via path copying, and a direct

comparison reveals BeTree’s superior read and write performance. In summary, BeTree outperforms

P-Tree under the TPC-CH workload, showing the advantage of our approach on hybrid workloads

that combine transactions with analytical tasks.

7 Conclusion
In this paper, we present ConTree, a lightweight library, to facilitate the implementation of con-

current path-copying updates for tree structures. We further explore tree designs to boost update

performance, introducing AERT and BeTree—variants of ART and B+Tree, respectively—optimised

for concurrent updates using ConTree. Experimental results demonstrate that our solutions achieve

significantly higher update efficiency compared to existing approaches.
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