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Concurrency control (CC) algorithms are important in modern transactional databases, as they enable high
performance by executing transactions concurrently while ensuring correctness. However, state-of-the-art
CC algorithms struggle to perform well across diverse workloads, and most do not consider workload drifts.

In this paper, we propose NeurCC, a novel learned concurrency control algorithm that achieves high
performance across diverse workloads. The algorithm is quick to optimize, making it robust against dynamic
workloads. It learns a function that captures a large number of design choices from existing CC algorithms.
The function is implemented as an efficient in-database lookup table that maps database states to concurrency
control actions. The learning process is based on a combination of Bayesian optimization and a novel graph
reduction search algorithm, which converges quickly to a function that achieves high transaction throughput.
We compare NeurCC against five state-of-the-art CC algorithms and show that it consistently outperforms
the baselines both in transaction throughput and in optimization time.
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1 Introduction
Concurrency control (CC) algorithms allow database transactions to exploit hardware concurrency
while ensuring correctness, i.e., transaction isolation. As modern database systems are no longer
disk-bound, CC is essential for achieving high transaction processing performance. Classical CC
algorithms, such as two-phase locking (2PL) and optimistic concurrency control (OCC), do not
perform well across all workloads [46, 58]. In particular, 2PL typically outperforms OCC for high-
contention workloads, but the reverse is true for low-contention workloads.
Recent works on CC combine multiple classical CC algorithms to support different workloads.

They adopt the classify-then-assign approach, in which transaction operations are classified into
different types, then the most appropriate CC algorithm is selected for each type. The classification
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can be based on the transaction [41, 42, 44, 55], or on the data [25, 39, 45, 46, 50]. The selection
of CC algorithm is either heuristic [16, 25, 41, 42, 44, 45] or based on learning [46, 50]. We note
that these works do not perform well for dynamic workloads that can drift over time. In particular,
they require manual, time-consuming changes to the classification and algorithm selection when
there are drifts. CormCC [45] and ACC [46] propose dynamic mechanisms that reduce the cost of
manual changes, but they only support a small number of CC algorithms. Polyjuice [50] uses an
evolutionary algorithm to learn the optimal combination of CC algorithms. It learns CC actions —
e.g., to wait for dependent transactions to reach specific steps, or to expose uncommitted operations
— for each data access. However, it does not support general transactions and does not work well
for dynamic workloads due to the long optimization time.

Our goal is to design a learned CC algorithm that can achieve high performance across diverse
workloads, and is efficient to optimize. More specifically, the algorithm can extract a high degree
of concurrency from different workloads, while incurring small overhead. The short optimization
time allows it to perform well under dynamic workloads. There are three challenges in designing
this algorithm. First, a large number of CC algorithms proposed in the literature are optimized
for specific workloads. Thus, for our algorithm to perform well across different workloads, it
must incorporate design choices from as many existing CC algorithms as possible. Second, to
achieve high performance, the algorithm’s overhead must be smaller than the transaction execution
time. This is non-trivial because, in modern in-memory databases, transactions can be executed in
microseconds (or even in nanoseconds). Third, learning the optimal action for each transaction
operation is challenging because most of the learned parameters (such as the wait parameters
in Polyjuice) are non-continuous. This lack of locality renders machine learning techniques such
as Policy Gradient [43] ineffective, thus algorithms like Polyjuice resort to costly optimization
strategies such as evolutionary algorithms and random search.

We present NeurCC, a novel learned CC algorithm that achieves the goal above. It addresses the
first challenge by proposing a unifiedmodel of existing concurrency control algorithms. In particular,
NeurCC models a concurrency control algorithm as a learnable function F : {s} → {a} that maps
the database state s to a set of concurrency control actions a. It captures the existing classify-
then-assign approaches: s represents the features used for classification, a indicates the actions
of the assigned CC algorithm. In NeurCC, a state s consists of features used by existing adaptive
concurrency controls, such as data hotness [25] and the number of dependent transactions in the
dependency graph [48]. An action a consists of a combination of conflict detection and resolution
mechanisms. Instead of selecting from existing algorithms, NeurCC decomposes concurrency
control into a sequence of conflict detection and resolution actions, which allows for a wide range
of CC designs by enabling arbitrary combinations of these actions. The model is more general
than existing adaptive concurrency control algorithms, such as Polyjuice [50] and bLDSF [48]. The
former only maps data access IDs to pipeline-wait actions, and the latter only maps dependency set
sizes to priority-related wait actions. Figure 1 illustrates the CC designs covered by Polyjuice and
bLDSF. Specifically, Polyjuice treats all transactions accessing the same data as equals, which could
result in suboptimal actions with high abort rates. bLDSF gives higher priority to transactions with
more dependent transactions, but it does not consider transaction pipelining, which is essential for
efficient transaction execution.

NeurCC addresses the second challenge by making the collection of the state s and the execution
of F (s) highly efficient. Specifically, it excludes states that are expensive to compute, e.g., hash
values [42] and conflict graphs [52], and instead uses states that can be computed in a lock-free
manner, such as the number of direct dependencies and the number of executed operations.NeurCC
implements F as an in-database lookup table for the state-action pairs. This table only consumes
a small amount of memory, as NeurCC learns an efficient feature selector that reduces the input
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Fig. 1. Example of CC designs covered by different algorithms.

states to only hundreds of values. The whole table fits in the database cache, and the CC actions for
an operation can be determined by a single table lookup, which only costs hundreds of CPU cycles.

NeurCC addresses the third challenge in three steps. First, it reduces the cost of evaluating the
function’s performance. Previous works evaluate the function’s performance by loading the lookup
table into the database and monitoring the system performance. This process takes seconds to
minutes [50]. NeurCC adopts a Bayesian optimization approach that trains a surrogate model for
predicting the system performance given an action lookup table. By sampling from this surrogate
model, it can quickly explore the search space and guide the optimization process to select the
next function to evaluate. Second, NeurCC re-formulates the original learning task of pipeline-wait
actions as an optimal conflict graph learning task that exhibits locality and therefore is amenable
to common learning techniques. This reformulation is important since learning the pipeline-wait
actions directly is challenging due to the lack of locality around the optimal combination of them.
In particular, a small modification to an action could lead to dependency cycles and significant
performance reduction.NeurCC uses an efficient algorithm similar to genetic search for this conflict
graph learning task. Third, NeurCC speeds up the learning process by prioritizing the actions that
yield higher improvements. Specifically, it prioritizes fine-tuning wait-related actions that can bring
higher performance improvements over actions like timeouts and back-off durations.
We compare NeurCC against state-of-the-art CC algorithms, including the recent learned CC

algorithms [45, 50]. The results demonstrate that NeurCC consistently outperforms the baselines
across diverse workloads. The algorithm achieves up to 3.32× higher throughput and 11× faster
optimization time than the state-of-the-art learned baseline, Polyjuice [50], making it more robust
against workload drifts. NeurCC has been integrated into our AI-powered data system NeurDB [2,
34, 61] as the concurrency control mechanism.

In summary, we make the following contributions:

• We present NeurCC, a novel learned concurrency control algorithm that achieves high perfor-
mance across diverse workloads. The algorithm is quick to optimize, allowing it to adapt quickly
to workload drifts.
• We propose a novel model of concurrency control, which is a function mapping database states
into conflict-handling actions. This model captures a large number of existing CC algorithms.
• We design an efficient learning algorithm that quickly finds a high-performance concurrency
control model.
• We conduct extensive evaluation of NeurCC, comparing it against five state-of-the-art CC
algorithms, namely 2PL [38], Silo [49], CormCC [45], Polyjuice [50], and IC3 [52]. The results
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Fig. 2. Examples of different conflict detection approaches. 𝑇2 has RW conflicts with 𝑇1 on A and B.

show that NeurCC achieves high throughput and low optimization time. Its throughput is up to
3.32×, 4.38×, and 4.27× higher than that of Polyjuice, 2PL, and Silo, respectively.
The remainder of the paper is structured as follows. Section 2 discusses the design space of

concurrency control algorithms. Section 3 provides an overview of NeurCC. Section 4 details how
NeurCC performs fine-grained concurrency control via an optimized action lookup table. Section 5
describes the learning process. Section 6 presents the experimental evaluation. Section 7 discusses
related works, and Section 8 concludes.

2 Concurrency Control Design Space
In this section, we first describe the design space of concurrency control (CC) algorithms. We
then discuss how existing algorithms fit into the space, and identify the gaps representing new
opportunities.
A transaction is modeled as a sequence of data access operations, each being either a read or a

write. CC algorithms allow transactions to be executed concurrently and correctly [3, 4, 6, 7, 11–
13, 15, 17, 21, 23, 25, 27, 29–31, 38–42, 45–47, 49–52, 55, 61]. To ensure correctness, a CC algorithm
employs CC actions — algorithmic steps that ensure safe interleaving of data access operations
among concurrent transactions. In the following, we describe the design space of CC actions
consisting of two design dimensions: conflict detection and conflict resolution. A CC algorithm can
use one or multiple actions from this space.

2.1 Conflict Detection
A conflict occurs when two operations from two concurrent transactions access the same data
object, and one of the accesses is a write. Existing CC algorithms use different approaches to
detect conflicts, based on their assumptions about the distribution and probability of conflicts
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occurring during transaction execution. We identify three design choices for conflict detection:
no detection, detecting critical conflicts, and detecting all conflicts. The first option optimistically
assumes that there are no conflicts and therefore implements no conflict detection. The third option
pessimistically assumes many conflicts and therefore detects them as soon as possible to avoid
costly aborts. The second option is in between: it detects some critical conflicts while ignoring
others.
We consider two transactions 𝑇1 and 𝑇2 executing concurrently. They both perform read/write

on data object A and B. Figure 2 illustrates examples where 𝑇2 has Read-Write (RW) conflicts with
𝑇1, and 𝑇2 uses different conflict detection approaches.

Nodetection. The CC algorithm assumes conflicts are rare and performs no conflict detection during
execution. It relies on validation at commit time for correctness. The optimistic concurrency control
(OCC) and its variants follow this approach. In particular, each transaction keeps its writes locally
(as opposed to exposing them to other transactions), and assumes no other concurrent transactions
will update its read data or read its uncommitted writes. The algorithm allows transaction execution
to proceed without the overhead of conflict detection but incurs overhead (in aborts) when there
are conflicts. Figure 2a shows an example where 𝑇2 aborts during the final validation because 𝑇1
updated its previously read A and B.

Detect critical. The CC algorithm avoids the cost of aborts by identifying conflicts that are
likely to cause aborts based on heuristic rules. They are called critical conflicts, which may lead
to validation failure or to dependency cycles. Upon detection, the algorithm immediately aborts
the transaction (early validation), e.g., ASOCC [25] and SSI [12], or reorders operations to allow
conflicting transactions to commit together (pipeline-wait), e.g., Bamboo [15] and IC3 [52]. In
Figure 2b,𝑇2 detects that𝑇1 updated the previously read A during early validation and immediately
aborts without executing to the end. In Figure 2c, 𝑇2 detects that the immediate read of A would
form a dependency cycle between 𝑇1 and 𝑇2. It then reorders its read of A to occur after 𝑇1’s write
of A, thus breaking the cycle.

Detect all. The CC algorithm detects all conflicts that may lead to transaction aborts. The classical
2PL and its variants [4, 7, 38] adopt this approach. Figure 2d shows an example in which this
approach causes 𝑇2 to block for a long time, which increases transaction latency. Furthermore, the
detection algorithm introduces some overhead because it has to find all conflicts.

2.2 Conflict Resolution
Once a conflict is detected, the concurrency control algorithm resolves it by coordinating accesses
from the conflicting transactions. We identify two design choices for conflict resolution: timeout
and priority.

Timeout. When the CC algorithm detects a conflict, it blocks the current transaction for a specific
duration (a timeout), waiting for the conflicting operations to end in this duration, and aborts it
when the timeout is exceeded. A timeout of 0 means that the transaction aborts immediately [7],
which assumes pessimistically that the transaction will eventually abort. A large timeout, or timeout
of ∞, means the transaction is blocked. In particular, the transaction is either put on a wait list
associated with the data object, or is entering a spinning loop until the data object is available. This
approach is implemented in lock-based and pipeline-wait-based CC algorithms, e.g., 2PL and IC3.
The blocking overhead can be significant, especially when the transaction eventually aborts.

Priority. When multiple transactions are blocked on the same data object, the algorithm may order
them based on their priorities. When the object becomes available, the highest-priority transaction
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is woken up first. Most existing CC algorithms either do not consider priority [17, 49, 50], or use
simple FIFO or timestamp priority [4, 15, 38, 60]. Recent works make heuristic priority assignment
to conflicting transactions [18, 19, 48, 57]. For example, bLDSF [48] gives higher priorities to
transactions with higher numbers of dependent transactions. Other algorithms [18, 19] consider
transaction age and the number of held locks when assigning priorities.

Table 1. Comparison of state-of-the-art concurrency control algorithms and NeurCC in the design space.
Timeout is omitted because it is supported by all algorithms. Tuned priority refers to either heuristic or
learned priority assignments.

Resolve w/o tuned priority Resolve with tuned priority
No detection Detect critical Detect all Detect critical Detect all

OCC [3], Silo [49] ✓
2PL [7], TSO [5, 22], MVCC [54] ✓
Bamboo [15], Rebirth-Retire [60],
EWV [11], IC3 [52]

✓

bLDSF [48], VATS [18] ✓
Polaris [57] ✓ ✓
MCC [55], Tebaldi [41] ✓ ✓
ACC [46], TxnSails [62], C3 [42],
CormCC [45], HDCC [16]

✓ ✓

ASOCC [25], Polyjuice [50] ✓ ✓ ✓
NeurCC ✓ ✓ ✓ ✓ ✓

2.3 State-of-the-Art Concurrency Control Algorithms
Table 1 compares state-of-the-art concurrency control algorithms within the design space. We
omit timeout from the table because it is supported by all algorithms. It can be seen that some
algorithms, such as OCC and 2PL, support only one type of CC actions. Other algorithms, such
as Polyjuice [50] and ASOCC [25], support multiple CC actions, with which the algorithm can
fine-tune conflict handling actions based on the workload to extract more concurrency.

The table reveals several gaps in the design space, i.e., CC actions that are not covered by existing
algorithms. For example, no existing algorithms consider priority-based conflict resolution in
combination with detecting critical conflicts. Most algorithms, including the ones that support
multiple CC actions, do not consider tuned transaction priorities.

3 NeurCC Overview
In this section, we present an overview of NeurCC, a novel learning-based concurrency control
algorithm that achieves high performance across diverse workloads. It supports the complete set
of CC actions shown in Table 1, by capturing existing concurrency control algorithm designs via
a learnable function. In the following, we describe the learning function, and the workflow that
enables its efficient execution and optimization. We summarize the notations in Table 2.

3.1 Concurrency Control As a Learnable Function
We model concurrency control algorithm as a function F that maps the current database state s to
a combination of conflict detection and conflict resolution actions a.

F (s) = a. (1)

The state s comprises features used in various CC algorithms, such as transaction access ID,
transaction type, and data hotness. The actions a include conflict detection actions, timeout values,
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Table 2. Summary of notations

𝑇 current transaction
𝑜𝑝 current operation of the current transaction
x vector with all features
s database state
a CC actions for the current operation
F function
E feature selector
Score(F ) system performance using F

and pipeline-wait actions. Before executing an operation, the algorithm collects the current database
state s, computes F (s), and then executes the resulting actions a.
F captures many existing CC algorithms, including Polyjuice, ASOCC, 2PL, bLDSF, OCC, and

IC3. We demonstrate this with two examples of 2PL (wait-die) and ASOCC. Let 𝑡req and 𝑡owner be
the timestamps of the current transaction and of the oldest lock owner. Let ℎ𝑜𝑡𝑛𝑒𝑠𝑠 be the hotness
level of the data object being accessed. 2PL (wait-die) and ASOCC can be modeled as follows:

F2PL (𝑡𝑟𝑒𝑞, 𝑡𝑜𝑤𝑛𝑒𝑟 ) =
{ (detect all, 0,∅) 𝑡𝑟𝑒𝑞 > 𝑡𝑜𝑤𝑛𝑒𝑟

(detect all,∞, timestamp pri.) otherwise

FASOCC (ℎ𝑜𝑡𝑛𝑒𝑠𝑠) =

(no detection, 0,∅) ℎ𝑜𝑡𝑛𝑒𝑠𝑠 = cold
(detect all,∞,∅) ℎ𝑜𝑡𝑛𝑒𝑠𝑠 = hot

(detect critical, 0,∅) otherwise
Each action consists of a conflict detection action, a timeout value, and a transaction priority (∅
represents no priority). In these examples, 𝑡𝑟𝑒𝑞 , 𝑡𝑜𝑤𝑛𝑒𝑟 , and ℎ𝑜𝑡𝑛𝑒𝑠𝑠 are the state s. The output
of F2PL and FASOCC are then executed by the algorithm. In particular, 2PL (wait-die) aborts the
transaction when 𝑡req is higher than 𝑡owner; otherwise, it blocks the transaction and wakes it up later
in the timestamp order. ASOCC ignores conflicts for cold data. It detects all conflicts and blocks the
transaction for hot data. In other cases, it aborts the transaction when there are critical conflicts.

We define the problem of finding F that extracts the most concurrency across diverse workloads
as an optimization problem. Let S be the set of possible input states s, Score(F ) be the system
performance1 using F , and A be the set of possible output actions a. The optimization objective is
defined as:

maximize Score(F ) (2)
subject to ∀s ∈ S, a = F (s) ∈ A. (3)

NeurCC starts the optimization process when it detects a workload drift. Specifically, there is a
background worker, named 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 , that continuously monitors the system’s current throughput,
i.e. the current number of committed transactions per second (TPS). The 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 tracks the
throughput regardless of whether the system is saturated. Optimization is triggered when the
relative change in throughput exceeds a predefined threshold. In the current design, the threshold
value is determined empirically, e.g., 10%. The value is chosen to achieve reliable detection while
avoiding unnecessary optimization triggers. We discuss this threshold in Section 6.2, and provide
more details in the extended version [35]. We note that more complex workload drift detection
techniques (e.g., two-sample-test [53]) could also be used. Since our main focus is on the learning

1We use throughput as the performance metric, similar to previous works [46, 50].
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of concurrency control, we leave the design and integration of advanced drift detectors to future
work.

3.2 NeurCCWorkflow
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Fig. 3. NeurCC’s concurrency control (CC) execution workflow and function optimization workflow.

Figure 3 shows the main components of NeurCC: a collector that tracks real-time database states,
a feature selector E that maps the collected states into a state vector s, an in-database cache that
maintains the function F in the form of an action lookup table, and an optimizer that detects
workload drifts and optimizes the function upon detection.

NeurCC operates across two workflows: the CC execution workflow and the function optimization
workflow. The former is on the critical path of transaction execution. It is invoked before every data
access operation to select the optimal actions. This workflow takes the current operation 𝑜𝑝 and
transaction 𝑇 as input, and outputs a vector of actions a for the transaction manager to execute.
The transaction manager first sends (𝑇, 𝑜𝑝) to the collector, which collects database states based on
𝑇 and 𝑜𝑝 , then combines them into a feature vector x. Next, the feature selector E selects important
features from x and generates a state s. Finally, the concurrency control actions a are returned
from the lookup table, i.e., a = F (s). This workflow is efficient such that it can be executed at
per-operation granularity. We describe it in more detail in Section 4.
The second workflow is off the critical path of transaction execution. It maintains high perfor-

mance under workload drifts by monitoring the system performance and optimizing the action
lookup table when necessary. In this workflow, the function F and the corresponding system
performance Score(F ) are collected periodically. The data is analyzed to detect workload drifts
based on performance changes. When a drift is detected, NeurCC starts optimizing the function
for the current workload. The optimization process runs with a pre-defined time budget 𝑡max, at
the end of which the new function Fnext is loaded into the database cache as a new action lookup
table. We describe this workflow in more detail in Section 5.

3.3 Discussion
NeurCC evaluates the agent function at per-operation granularity. This is because important
CC mechanisms, such as dirty-read visibility and pipeline waits, work at the level of individual
operations (as opposed to at the level of individual transaction). We note that coarse-grained
decisions can be beneficial, for example, in enabling scheduling operations before execution (as in
deterministic CC). Integrating such coarse-grained decisions with our fine-grained agent function
is left as future work.
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Table 3. Features collected by NeurCC. 𝑇 denotes the current transaction.

Feature Definition

# of executed SQLs Number of SQLs already executed by 𝑇 .
Read dirty data If 𝑇 has read uncommitted dirty data from others.
Transaction type Identifier of the transaction template to which 𝑇 belongs

(e.g., NewOrder, Payment).
Access ID Identifier of the currently executing SQL.
Operation type The current operation type (read/write).
Data hotness Contention level of the accessed record (cold,warm, hot), de-

rived from data access frequency and data correlation [25].
# of dependent txns. Number of transactions 𝑇 depends on.
# of transactions Number of running transactions.
Out-degree Number of transactions that depend on 𝑇 .

The current design of NeurCC targets CC paradigms based on per-operation conflict handling,
which keeps the state and action space of the agent function small and efficient to optimize. We note
that NeurCC captures some transaction-chopping behaviors through its pipeline-wait actions (i.e.,
𝑤𝑖 and 𝑒𝑥𝑝𝑜𝑠𝑒), and it can reproduce the behavior of algorithms like IC3 [52] that uses transaction
chopping. Other paradigms, such as deterministic CC, sagas, or timestamp-ordering, entail more
complex state and action representations (e.g., actions that schedule transactions before execution).
Supporting them would significantly expand the agent function’s state and action space, thus
requiring new learning algorithms, which we leave for future work.

4 NeurCC Execution
In this section, we describe NeurCC’s execution workflow which lies on the critical path of transac-
tion execution. We first discuss what database states NeurCC collects, and how it selects important
states as input to the function F . We then present the detailed concurrency control algorithm that
performs conflict handling based on the output of F .

4.1 State Collection and Selection
Before executing a transaction operation, NeurCC first computes a vector s that captures the
current, relevant database states (Figure 4). The vector s is important as it determines the quality
of CC actions generated by F . There are two challenges in computing s. First, it must be efficient
since it is on the critical path of transaction execution. Modern in-memory databases can commit a
transaction in microseconds, therefore s should be computed in order of nanoseconds. Second, s
must contain relevant database states so that CC actions returned by F can extract a high degree of
concurrency, while remaining small to minimize storage overhead and to speed up the optimization
of F .

NeurCC employs two techniques to address the challenges above. The first is to use a fixed set
of lightweight states (or features) that can be efficiently captured across transactions, in a lock-
free manner. NeurCC collects nine features, which are listed in Table 3 and can be grouped into
transaction features and graph features. These features have been shown to be effective at capturing
transaction and dependency graph characteristics [18, 25, 41, 48, 50, 52]. More importantly, they
are common features readily available in transactional databases, that is, they are not specific to
any concurrency control algorithm.
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The second technique is to use a feature selector E that selects influential features to achieve a
balance between the quality of the optimized function and the optimization time. NeurCC provides
a default E that achieves good performance, which the user can improve at some cost, by running
the optimization algorithm described in Section 5.4.
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Fig. 4. NeurCC’s state collection and selection process.

Before a transaction accesses a data record, NeurCC collects the current database state as a
vector s. Consider ASOCC as a running example. This vector includes data hotness feature, thus
access to records with different contention levels is mapped to different states, which enables the
selection of appropriate conflict-handling actions as in ASOCC.

4.2 Action Function
After computing s, NeurCC executes F (s) to get the concurrency control actions a for the cur-
rent transaction operation. The main challenge in designing F is to ensure both efficiency and
effectiveness. Specifically, the function must be quick to evaluate, since it is on the transaction’s
critical path. Furthermore, the output actions must be able to extract high degrees of concurrency
across different workloads. For efficiency, NeurCC implements F as a learnable action lookup
table, reducing the function evaluation to a single table lookup. Although implementing F as a
machine learning model can approximate the state-action mapping more accurately, the inference
cost is too high for concurrency control. In contrast, the lookup table can return the actions in
hundreds of CPU cycles.

Database

s ad at ap w1 … wn expose

s0 No detection - - - 0

s1 Detect critical 50 ms 0.1 (0, 5,  …, 1) 1

s2 Detect all 0 ns 0.9 - 1

s3 Detect all 100 ms 0.24 - 0

......

st Detect all 10 ms 0.9 - 1

......

smax Detect critical 1 s - (1, 0, …, 0) 0

st

( ad, at, ap, ….. )

Fig. 5. NeurCC function implemented as a lookup table.

To achieve high performance across diverse workloads, F learns combinations of design choices
from existing CC algorithms optimized for different workloads. An output of F contains a conflict
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detection mechanism, which can be either no detection, detect critical, or detect all. It also contains a
timeout value and a transaction priority for conflict resolution. Figure 5 shows an action lookup
table, where the first column is the input state and the remaining columns make up the CC actions.
Let 𝑛 denote the number of transaction types. The table has the following schema:

⟨a𝑑 , a𝑡 , a𝑝 , (𝑤1, . . . ,𝑤𝑛, expose)⟩ (4)
where a𝑑 ∈ {no detection, detect critical, detect all} (5)

a𝑡 ∈ [0, +∞), a𝑝 ∈ [0, 1] (6)
𝑤𝑖 ∈ N, 𝑒𝑥𝑝𝑜𝑠𝑒 ∈ {0, 1} (7)

a𝑑 , a𝑡 , and a𝑝 are the conflict detection method, timeout, and transaction priority, respectively.
(𝑤1, . . . ,𝑤𝑛) represents the rule for identifying critical conflicts (as described in Section 2.1). Specif-
ically, 𝑤𝑖 means that 𝑇 considers the first 𝑤𝑖 accesses of a dependent transaction with type 𝑖
as critical conflicts, thereby preventing the formation of dependency cycles among concurrent
transactions that might read dirty data from each other. 𝑒𝑥𝑝𝑜𝑠𝑒 determines if 𝑇 makes its accesses
visible to other transactions after executing 𝑜𝑝 . NeurCC also implements several optimizations for
the function. Due to space constraints, we discuss them in the extended version [35].

In the ASOCC example,NeurCC selects no detection for cold data, which corresponds to optimistic
execution. It selects detect all for hot data, forcing conflict detection for operations accessing highly
contended records. It selects detect critical for warm data, enabling early validation to proactively
abort transactions that are likely to fail.

4.3 Transaction Execution
After determining the CC actions, NeurCC proceeds to execute the transaction operations. Similar
to OCC, NeurCC does not guarantee all conflicts are detected and resolved during execution.
Instead, it performs a validation before committing the transaction, once all operations are executed.
We elaborate on these steps below.

4.3.1 Execution. A transaction in NeurCC has the following fields:
• 𝑇 .𝑟𝑤 and 𝑇 .𝑤𝑠: the local read and write sets.
• 𝑇 .𝑑𝑒𝑝: the set of transactions that 𝑇 depends on.
• 𝑇 .𝑡𝑦𝑝𝑒: the transaction type of 𝑇 .
• 𝑇 .𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒: operations of 𝑇 that have been executed but not yet validated.

For each operation 𝑜𝑝 , NeurCC maintains the following information:
• 𝑜𝑝.𝑡𝑥 : the transaction that contains 𝑜𝑝 .
• 𝑜𝑝.𝑘𝑒𝑦: the unique key of the data object accessed by 𝑜𝑝 .
• 𝑜𝑝.𝑡𝑦𝑝𝑒 : the operation type (read/write).
• 𝑜𝑝.𝑐𝑙𝑒𝑎𝑛: whether 𝑜𝑝 reads the latest committed (clean) data.
• 𝑜𝑝.𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦: the priority of 𝑜𝑝 when resolving its conflicts with other operations.
Algorithm 1 describes how NeurCC executes an operation. It performs early validation to

proactively abort transactions that will fail later (line 14). It also performs early validation before
exposing a write (line 21), where the failure of a transaction 𝑇 could lead to the cascading abort
of all transactions depending on it. The algorithm does not perform early validation for “detect
all” because doing so incurs additional overhead and can restrict the search space. For example, it
would prevent NeurCC from replicating 2PL, which does not incur the overhead of early validation
checks.

NeurCC does not outperform 2PL when all the actions are detect-all, nor does it introduce a new
lock-based protocol. However, we note that despite the extra validation cost compared to classical
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Algorithm 1: Execute an operation with learned actions
1 Function Execute(𝑇, 𝑜𝑝):
2 a← GetCC(𝑇, 𝑜𝑝) // compute s and F (s)
3 𝑜𝑝.𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 ← a𝑝 , 𝑜𝑝.𝑡𝑥 ← 𝑇

4 if a𝑑 = no detection then
5 𝑜𝑝.𝑐𝑙𝑒𝑎𝑛 = 𝑇𝑟𝑢𝑒 , 𝑆 ← ∅
6 else if a𝑑 = detect all then
7 𝑆 ← all operations from conflict transactions

8 else if a𝑑 = detect critical then
9 if IsStoredProcedure() then
10 𝑆 ← ∅ // Conflicts arising from pipeline waits.

11 for 𝑇 ′ ∈ 𝑇 .𝑑𝑒𝑝 do
12 bar←𝑤𝑇 ′ .𝑡𝑦𝑝𝑒

13 𝑆 ← 𝑆 ∪ {the first bar-th accesses in 𝑇 ′}

14 else if EarlyValidation(𝑇 ) = Abort then
15 return Abort, ∅

16 𝑆 ← 𝑆 − {𝑜𝑝′ | 𝑜𝑝′ ∈ 𝑆 and 𝑜𝑝′ .𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 < 𝑜𝑝.𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦}
17 if Not all 𝑜𝑝′ ∈ 𝑆 finish within timeout a𝑡 then
18 return Abort, ∅
19 𝑟𝑒𝑠𝑢𝑙𝑡 ← SafeExecute(𝑇, 𝑜𝑝)
20 if IsStoredProcedure() and 𝑒𝑥𝑝𝑜𝑠𝑒 = 1 then
21 if EarlyValidation(𝑇 ) = Abort then
22 return Abort, ∅
23 else
24 for 𝑜𝑝′ ∈ 𝑇 .𝑤𝑠 do Lock tuple(𝑜𝑝′ .𝑘𝑒𝑦)
25 for 𝑜𝑝′ ∈ dirty reads on tuple(𝑜𝑝.𝑘𝑒𝑦) do
26 𝑇 .𝑑𝑒𝑝 ← 𝑇 .𝑑𝑒𝑝 ∪ {𝑜𝑝′ .𝑡𝑥}
27 for 𝑜𝑝′ ∈ 𝑇 .𝑤𝑠 do
28 Append 𝑜𝑝′ to the version chain as dirty data
29 Unlock tuple(𝑜𝑝′ .𝑘𝑒𝑦)

30 return Succeed, result

31 Function SafeExecute(𝑇, 𝑜𝑝):
32 if 𝑜𝑝.𝑡𝑦𝑝𝑒 = read then
33 if 𝑜𝑝.𝑐𝑙𝑒𝑎𝑛 then
34 𝑜𝑝′ ← latest committed data on tuple(𝑜𝑝.𝑘𝑒𝑦)

35 else
36 𝑜𝑝′ ← latest dirty data on tuple(𝑜𝑝.𝑘𝑒𝑦)
37 𝑇 .𝑑𝑒𝑝 ← 𝑇 .𝑑𝑒𝑝 ∪ {𝑜𝑝′ .𝑡𝑥}
38 𝑇 .𝑟𝑠 ← 𝑇 .𝑟𝑠 ∪ {𝑜𝑝′}
39 𝑇 .𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒 ← 𝑇 .𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒 ∪ {𝑜𝑝′}
40 return 𝑜𝑝′

41 else
42 𝑇 .𝑤𝑠 ← 𝑇 .𝑤𝑠 ∪ {𝑜𝑝}
43 return ∅
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algorithms such as 2PL, the performance gained from the learned concurrency control actions
outweighs this cost and leads to higher throughput, as will be illustrated in Section 6. Furthermore,
when all actions in the agent function are detect all, NeurCC can skip validation mechanisms,
including the tracking of 𝑇 .𝑟𝑠,𝑇 .𝑤𝑠,𝑇 .𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒 and the transaction validation at commit time, to
further reduce the overhead over 2PL.
The algorithm distinguishes between stored procedure and interactive transaction modes. In

the former, all the data accesses are known prior to transaction execution. In the latter, they are
not known before transaction execution. For interactive transactions, the algorithm disallows
actions that could violate correctness. Such actions include dirty reads and partial retry, which are
disallowed because the behavior of the conflicting transaction is unknown, and because the user
has already seen the outputs of some operations.

Given an operator 𝑜𝑝 , the algorithm first invokes 𝐺𝑒𝑡𝐶𝐶 (𝑇, 𝑜𝑝) to get the action a (line 2). Next,
it executes conflict detection and stores the conflicts in 𝑆 . This step is skipped if a𝑑 is no detection,
and the algorithm enforces 𝑜𝑝 to read clean data (lines 4–5). If a𝑑 is detect critical, it performs early
validation to check if previously read data have changed (line 14) and aborts 𝑇 if the validation
fails. The conflicts with lower priorities than that of 𝑜𝑝 are removed from 𝑆 . The remaining are
resolved with the given timeout a𝑡 (lines 16–17). If not all the conflicts in 𝑆 are resolved within a𝑡 ,
𝑇 is aborted (line 18). Otherwise, the algorithm proceeds to read the latest committed data (line 34),
or to write to its write set 𝑇 .𝑤𝑠 (line 42).

For stored procedure transactions, the algorithm allows dirty reads. In particular, it uses𝑤1, . . . ,𝑤𝑛

to detect critical conflicts before dirty reads, uses 𝑒𝑥𝑝𝑜𝑠𝑒 to decide whether to make uncommitted
write visible to other transactions, and records dependencies caused by dirty reads in𝑇 .𝑑𝑒𝑝 (lines 26
and 37). Each data object has a version chain containing dirty data. The execution when a𝑑 is
no detection or detect all is the same as that of interactive transactions. When a𝑑 is detect critical,
it detects critical conflicts between 𝑇 and its dependent transactions in 𝑇 .𝑑𝑒𝑝 (lines 11–13). In
particular, for every 𝑇 ′ ∈ 𝑇 .𝑑𝑒𝑝 , it adds the first𝑤𝑇 ′ .𝑡𝑦𝑝𝑒 accesses of 𝑇 ′ to 𝑆 . Once all the conflicts
in 𝑆 are resolved, it lets 𝑜𝑝 read the data at the tail of the corresponding version chain, and updates
𝑇 .𝑑𝑒𝑝 to track the read-write dependency (lines 36–37). After executing 𝑜𝑝 (line 19), if 𝑒𝑥𝑝𝑜𝑠𝑒 = 1,
it performs early validation and aborts𝑇 if the validation fails. If the validation succeeds, it exposes
the uncommitted data in 𝑇 .𝑤𝑠 by appending them to the corresponding version chains.

We use the ASOCC example to illustrate how a transaction is executed with NeurCC. We assume
the transaction is in the interactive transaction mode. Before executing an operation, NeurCC first
computes the input state s and retrieves the corresponding actions by evaluating F (s) (line 2). If
the selected action is no detection (i.e., the accessed data is cold), NeurCC executes it optimistically
without blocking (line 4). If the action is detect all (i.e., the accessed data is hot), NeurCC performs
conflict detection before execution (line 6), and upon detecting a conflict, it blocks or abort the
transaction according to the selected timeout (line 17). If the action is detect critical (i.e., the
accessed data is warm), NeurCC performs early validation (line 8), and if validation fails, it aborts
the transaction immediately.

4.3.2 Validation and commit. NeurCC performs a four-step validation at commit time, similar to
OCC. First, it waits for all transactions in𝑇 .𝑑𝑒𝑝 to complete, and aborts if any dependent transaction
aborts. Second, it locks the private write set to avoid concurrent reads of the data in the set. Third, it
verifies that data in the read set matches the latest committed versions, and aborts if the verification
fails. Finally, it removes dirty data from 𝑇 on the corresponding version chains and unlocks the
write set. The latest committed data are updated with those in the write set. We present detailed
validation and commit algorithms in the extended version [35].
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4.3.3 Correctness. Similar to OCC, NeurCC ensures correctness (i.e., serializability) by performing
validation before committing the transaction. A detailed proof of correctness is provided in the
extended version [35].

5 Learning Function and Feature Selector
In this section, we describe how NeurCC learns the function F . We observe that different actions
are amenable to different optimization techniques. More specifically, model-based optimizations
are suitable for some actions, whereas search-based techniques are suitable for others. Furthermore,
different actions have different impacts on the overall throughput, and thus the order in which they
are optimized can affect convergence speed. Based on these observations, we decompose F into
three sub-functions: F𝑇 , F𝐷 , and F𝑃 , and optimize them separately. Their outputs are combined
to obtain a = ⟨a𝑑 , a𝑡 , a𝑝 , (𝑤1, . . . ,𝑤𝑛, 𝑒𝑥𝑝𝑜𝑠𝑒)⟩. F𝑇 controls the timeout values, corresponding to a𝑡 .
F𝐷 controls the conflict detection and priority, corresponding to (a𝑑 , a𝑝 ). F𝑃 controls pipeline-wait
actions, corresponding to (𝑤1, . . . ,𝑤𝑛, 𝑒𝑥𝑝𝑜𝑠𝑒).

Learning the optimal function requires evaluating the performance of F , i.e., Score(F ). Existing
works [45, 46, 50] load the function into the running database and use the system throughput
as Score(F ). This approach is time-consuming, because loading and running the system takes
seconds2 to complete, and they need to be repeated at every optimization step, adding significant
overheads to the learning process [50]. In addition, Score(F ) is non-smooth due to its discrete
input F𝑃 , which makes it difficult to optimize F𝑃 with model-based optimization methods. NeurCC
addresses the aforementioned limitations of the existing approaches for evaluating Score(F ) in two
ways. First, it employs an online-trained surrogate model to minimize the number of performance
evaluations (Section 5.1). Second, it uses a graph reduction search algorithm to effectively optimize
F𝑃 (Section 5.2).

5.1 Learning Function Via Surrogate Model
As Score(F ) is costly to evaluate, NeurCC treats it as a black-box [8, 14, 37] and adopts a Bayesian
optimization approach. Bayesian optimization can efficiently identify high-performing functions
with a small number of evaluations, thereby reducing the cost. In particular, NeurCC employs
a probabilistic surrogate model, i.e., the Gaussian process model, which is trained online to ap-
proximate Score(F ). This model is differentiable for efficient optimization and is well-suited as a
surrogate model because it predicts both the mean and variance of the performance, which balances
exploration of new areas in the function space with exploitation of known high-performing areas.

The surrogate model guides the optimization process by identifying the most promising function,
i.e., the one expected to yield the highest performance improvement, for subsequent deployment
and evaluation. Specifically, during an optimization step, the surrogate model is first fitted to
the historical data collected since the last workload drift, which optimizes its mean vector and
covariance matrix to maximize the data likelihood. Next, for an unevaluated function F , the fitted
model predicts the mean 𝜇 (Score(F )) and variance 𝜎 (Score(F )) of its performance. After that,
the Upper Confidence Bound (UCB) acquisition function computes a score for F as UCB(F ) =
𝜇 (Score(F )) + 𝜆𝜎 (Score(F )), where 𝜆 is a trade-off parameter. It is set to 2.576 in our experiments,
corresponding to the 99th percentile of a standard normal distribution to achieve an effective
balance between exploration and exploitation. Note that the UCB score is differentiable with respect
to the parameters of F , and thereforeNeurCC can explicitly optimize these parameters to maximize
the UCB score using the L-BFGS-B [26] algorithm, which produces F𝑛𝑒𝑥𝑡 , the function with the

2This process takes 3.68 seconds on average under our default experimental setting, as detailed in Section 6.1: TPCC
workload, 16 threads, one warehouse.
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highest expected performance. Once F𝑛𝑒𝑥𝑡 is identified, it is evaluated in the database system, and
its actual performance score is recorded. Finally, the new data point of F𝑛𝑒𝑥𝑡 and its score are added
to the historical data, and the surrogate model is updated. This process is repeated, progressively
refining predictions of Score(F ) and identifying better functions over time.

5.2 Pipeline-Wait Action Optimization via Learned Conflict Graph
The Bayesian optimization technique in Section 5.1 can effectively optimize F𝑇 and F𝐷 , but opti-
mizing F𝑃 is more challenging, especially for complex workloads like TPC-C that involve many
potential dependency cycles. We observe empirically that during the optimization of Score(F𝑇 , F𝐷 ,
F𝑃 ), the function exhibits poor locality with respect to F𝑃 around the optimal solutions. Even minor
changes to F𝑃 can significantly reduce performance by introducing new dependency cycles that
lead to cascading aborts or deadlocks [52]. As a result, the surrogate model trained via Bayesian
optimization fails to approximate Score(F𝑇 , F𝐷 , F𝑃 ) accurately, because the optimization inherently
assumes smoothness and locality in the approximated function.

To address the challenge of global optimization of F𝑃 , NeurCC learns an optimal conflict graph
instead of learning these actions directly. The optimal conflict graph is the learned conflict graph
from which the pipeline-wait actions that maximize the performance score are derived. This
reformulation simplifies the learning process and improves optimization performance. A conflict
graph is a graph generated from the workload, where each type of transaction access (e.g., a
line of SQL statement) is represented as a node. If two operations have potential conflicts (e.g.,
read-write conflicts), an edge is added between the corresponding nodes. NeurCC uses SC-graph, a
conflict graph widely adopted in existing CC algorithms [32, 50, 52]. These algorithms construct a
static conflict graph and compute pipeline-wait actions by analyzing this graph before workload
execution. However, they rely on static conflict graphs, which do not account for dynamic factors
such as access skewness. We contend that the conflict graph should be dynamic, with conflict
edges added based on certain probabilities. For example, in the TPC-C workload, when there are
many warehouses and few concurrent users, the payment transaction’s update WAREHOUSE table
access is unlikely to conflict with the new order transaction’s read WAREHOUSE table access, and
therefore this edge can be deleted. However, when there are few warehouses and many concurrent
users, these accesses are more likely to conflict, therefore adding the conflict edge is beneficial.

NeurCC employs a graph reduction search algorithm to efficiently learn the optimal conflict
graph. Given an initial static conflict graph, the algorithm keeps track of the top-𝐾 best-performing
conflict graphs found during the search. Each graph is evaluated by converting it into pipeline-wait
actions and evaluating the corresponding function. Specifically, the algorithm first performs conflict
graph analysis using an IC3-like algorithm [52] to find potential dependency cycles and to compute
the pipeline-wait actions that resolve them. It next updates the current best agent function with
the computed pipeline-wait actions. Finally, the algorithm evaluates the updated agent function
and uses its performance as the score of the conflict graph. For the details of this algorithm, please
refer to [35].

Mutation 1: Edge Removal Mutation 2: Node Merging

Fig. 6. Two types of graph reduction mutations.
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During optimization, the algorithm iteratively improves the conflict graphs by mutating the
current graphs to better capture actual conflicts. Each mutation simplifies the graph by edge
removal or by merging consecutive nodes (as illustrated in Figure 6). The mutation aims to eliminate
unnecessary conflicts that will be resolved during the pipeline-wait actions calculation. Since the
mutation reduces the number of nodes or the number of edges, the size of the graph reduces
quickly towards the optimal conflict graph. Our extended version [35] provides more details of the
graph reduction search, including the exploration of conflict graphs, the calculation of pipeline-wait
actions, the computation of the function with optimized pipeline-wait actions, and the optimizations
applied during pipeline waits.
The graph reduction search algorithm complements the Bayesian optimization for F𝑃 . The

former efficiently explores functions derived from conflict graphs, while the latter is effective at
approximating high-performance but sparsely distributed functions. For instance, in the YCSB
workload, we observe that a no-pipeline-wait policy can outperform learned pipeline-wait actions
due to reduced computational costs associated with conflict detection and dependency tracking.
Such a function cannot be identified through graph reduction search, but it can be found quickly
by Bayesian optimization within minutes.

5.3 Function Optimization Pipeline
Given a limited time budget, it is important to prioritize the optimization of actions that are more
likely to yield significant performance improvements. NeurCC uses an optimization pipeline that
transfers knowledge from one optimization stage to the next. It allocates the time budget efficiently
across these stages. Recall that the function F is decomposed into three sub-functions F𝑃 , F𝐷 , and
F𝑇 (see Section 5). The optimization pipeline consists of four stages, each targeting a subset of
actions while keeping the remaining actions unchanged from the best-seen function. Each stage
leverages the previously evaluated functions and their corresponding performance scores as initial
training data for the stage’s optimizer.
The first stage optimizes both F𝑃 and F𝐷 using the graph reduction search algorithm. These

two sub-functions are optimized first because they lead to the largest performance gains, e.g., with
improvements of nearly 80% in the TPC-C workload. F𝑃 and F𝐷 can be optimized simultaneously,
as the no detection action and edge removal mutation both assume no conflicts around an operation.
This stage starts with the same initial configuration as that of IC3, in which all conflict detection
actions are set to detect critical. The graph reduction search iteratively refines the conflict graph.
If a function input s maps to conflict graph nodes that are entirely disconnected from others, it
indicates that database operations in state s rarely encounter conflicts. In such cases, we set the
conflict detection action to no detection to reduce transaction execution costs. We set 𝐾 = 4 to
enable quick convergence to an efficient function. The stage ends when no further mutations yield
performance improvements, typically within 10 minutes due to the monotonically reducing nature
of the mutation process. The details on how we optimize F𝑃 and F𝐷 can be found in the extended
version [35].

The second stage optimizes F𝑇 using Bayesian optimization. At this stage, most parameters
in F𝑇 are continuous and exhibit good locality. This stage ends when no further performance
improvements are observed after several consecutive evaluations (e.g., 20 evaluations). The third
stage is the same as the first stage but with 𝐾 = 8, allowing for deeper exploration of the conflict
graph, in order to refine the conflict graph and functions. Finally, the fourth stage fine-tunes all the
parameters of F using Bayesian optimization. This stage runs until the time budget is exhausted.
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5.4 Feature Selector Optimization
We define the feature selector E as a function mapping a feature selection strategy to the system
performance achieved with the selected features. Each feature selection strategy is represented as a
vector, with each element indicating whether a corresponding feature is included and specifying its
transformation type (linear, square root, or logarithmic). The output of E is a set of input features
for F , which is subsequently used during the function optimization. As in Section 5.1, NeurCC
uses Bayesian optimization to iteratively propose new feature selection strategies, evaluate them,
and refine the surrogate model.
To balance effectiveness and efficiency, the feature selection strategy is optimized to maximize

the performance improvement achieved through function optimization within a user-defined time
budget. Note that selecting too few features can overly constrain the search space of functions,
leading to suboptimal solutions, whereas selecting too many features can expand the search space
excessively, making the optimization computationally expensive. Therefore, we balance the two
factors by incorporating the time budget into the performance. In our experiments, we run the
feature selector optimization for one day, using a function optimization budget of one hour for
each feature selection evaluation.

The optimization is costly and is performed only once when the system is deployed. Subsequent
changes in system load, contention, or access patterns do not automatically trigger re-optimization.
Instead, NeurCC relies on function optimization to handle such workload drifts. However, users
can explicitly run the optimization to fine-tune the default selector for specific workloads. Our
feature selectors and their configurations are available in the code repository [1].

6 Performance Evaluation
In this section, we evaluate the performance of NeurCC and compare it with state-of-the-art
concurrency control (CC) algorithms under diverse workloads. We implement NeurCC in C++ and
integrate it into Silo [49], a widely used database system for evaluating CC algorithms. Specifically,
we add the following components to the database engine: a collector that captures transaction-
related features, a feature selector that selects influential features, an in-database cache that stores
the learned functions, and an optimizer that tracks system performance for function optimization
and workload drift detection. We integrate Algorithm 1 into the concurrency control code of the
database engine. We implement a script that processes optimization requests from the database. The
code is available at [1]. Details on NeurCC deployment are included in the extended version [35].

6.1 Experimental Setup
All experiments are conducted on a 24-core Intel(R) Xeon(R) Gold 5317 server with 128GB of
memory. The CPU runs at a base frequency of 800 MHz, and a maximum turbo frequency of 3.6
GHz.

Execution modes. NeurCC executes transactions in one of the two modes: stored procedure [15,
24, 33, 41, 42, 50, 52, 56], and interactive transaction [9, 36, 58, 59].

• Stored procedure mode. This mode represents how stored procedure transactions are executed
by the database engine. In particular, all the transaction’s statements are known before execution.
As a result, concurrency control algorithms can use transaction type and access ID as features.
The former can be assigned to each stored procedure, and the latter can be derived from the
statement order, e.g., the line number of the API invocation within the procedure [50]. The
transaction only returns results to the user after the transaction commits or aborts, which means
it can read uncommitted data during execution and perform partial retries.
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• Interactive transaction mode. This mode represents how interactive, user-driven transactions
are executed. In particular, the transaction’s statements (SQL queries) are issued and executed
individually. The user waits for the response of each statement before issuing the next. Because
the operations are not known in advance, concurrency control algorithms cannot rely on features
such as transaction type and access ID. Furthermore, since the results are returned to the user
immediately after each operation, the algorithms cannot perform partial retry and dirty read.

Workloads. We conduct experiments on the widely used YCSB and TPC-C workloads. We change
three types of workload settings for evaluation: access pattern, contention level, and system load.
The workloads and their settings are described below.
• YCSB-extended.We extend YCSB to group multiple read/write operations into a single trans-
action, and simulate varying access patterns by changing hotspot positions. Specifically, we fix
the list of read and write operations for all transactions, representing stable operations found
in real-world applications [50, 52]. We then vary the positions of hotspots, where hotspot ac-
cesses follow a skewed distribution (Zipfian factor 𝜃 = 1), while other accesses follow a uniform
distribution across all keys (Zipfian factor 𝜃 = 0). For this workload, we use 16 threads.
• TPC-C.We use the standard TPC-C workload, which consists of five transaction types: two read-
only transactions and three read-write transactions. This workload has complex inter-transaction
dependencies, making it harder to optimize than YCSB-extended. We vary the contention level
by changing the number of warehouses (fewer warehouses mean higher contention). We vary
the system load by changing the number of threads (more threads mean a higher system load).
For this workload, the default setting is 16 threads and one warehouse. For a fair comparison, we
follow Polyjuice to include all five types of TPC-C transactions. We learn the concurrency control
actions for three types, i.e., payment, new order, and delivery, while excluding the remaining two
types, as they are read-only transactions.
We have also conducted experiments that evaluate NeurCC’s function optimization time under

interactive transaction mode, the impact of features, and the impact of transaction length. Due to
space constraints, we present these experiments in the extended version [35].

Baselines. We compare NeurCC against five state-of-the-art concurrency control algorithms:
Silo [49], Polyjuice [50], IC3 [52], 2PL [7], and CormCC [45]. For the first four baselines, we use
the implementations in [50]. For CormCC, we follow the approach in Polyjuice and report the best
performance between 2PL and Silo. We refer to this baseline as 𝐶𝑜𝑟𝑚𝐶𝐶∗.

6.2 Stored Procedure Mode
NeurCC and all the baselines support the stored procedure mode. We run all the experiments
five times and report the average results. Each algorithm runs for three hours to match the time
Polyjuice requires to reach optimal performance. We use IC3 as the initial function for function
optimization.

Varying access pattern. We fix the contention level and system load while varying the access
pattern using four different hotspot distributions.3 Figure 7a shows the results for the YCSB-
extended workload. The hotspot distributions, shown from left to right, shift from being skewed at
the beginning of the transaction to being skewed at the end. We observe that NeurCC has the best
throughput, up to 3.32×, 4.38×, and 4.27× higher than that of Polyjuice, 2PL, and Silo, respectively.
The reason is that NeurCC learns a set of optimized pipeline-wait actions, timeouts, and conflict

3The values of 1 and 0 indicate hotspot and uniform access, respectively. The four access patterns, from the left to the
right in Figure 7a, are (0, 0, 0, 1, 0, 0, 0, 0, 0, 0) , (1, 0, 0, 1, 1, 0, 0, 0, 0, 0) , (0, 0, 0, 1, 0, 1, 0, 1, 1, 0) , and (1, 1, 0, 0, 1, 0, 0, 1, 1, 0) .
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Fig. 7. Performance comparison between NeurCC and baselines under the YCSB-extended and TPC-C
workloads in the stored procedure mode.

detection actions, enabling efficient transaction pipelining for hotspots while reducing the overhead
for non-conflicting operations.
The performance gap between NeurCC and the second-best baseline decreases as the hotspot

distribution shifts toward the end of the transaction. This is because the learned pipeline-wait
actions, which contribute the most to the performance advantage of NeurCC, become less effective
as the hotspots are closer to the end of the transactions. In particular, pipeline-wait actions allow
dirty reads, but the advantage of dirty reads over clean reads depends on the trade-off between the
gain from reducing block time and the overheads from cascading aborts and other issues [11, 15].
As the hotspots shifting towards the end, the gain from reducing block time becomes smaller.

Varying contention level. We fix the thread number to 16 and measure the performance with
one warehouse, representing high contention (Figure 7b), and with four warehouses, representing
low contention (Figure 7c). The shaded areas represent the interquartile range, i.e., the 25th to
75th percentiles of throughput across multiple runs, illustrating the fluctuations of throughput
in different CC algorithms. NeurCC achieves up to 1.14× throughput of the second-best baseline.
NeurCC also exhibits a more stable learning process compared to Polyjuice. Polyjuice uses random
genetic search, which leads to high fluctuations, whereas NeurCC employs a surrogate model to
guide optimization, which achieves better stability throughout the optimization process.

Varying system load. We fix the number of warehouses to one and vary the system load by
increasing the number of threadsfrom 1 to 16. Figure 7d shows the results. There are three main
observations. First, NeurCC outperforms all the baselines under high load (more than four threads).
This is because our algorithm finds a better combination of CC actions that allows for higher
concurrency. Second, both NeurCC and Polyjuice perform slightly worse (less than 6.2% drop
in throughput) than Silo under low load (one thread), even though they converge to the same
CC actions. This gap is also reported in Polyjuice [50]. The reason is that the learning processes
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of NeurCC and Polyjuice incur additional overheads, which do not exist in the non-learned Silo
system. Third, NeurCC achieves higher throughput than the baselines even when the workload
does not saturate the system (e.g., with 4 threads). This is because NeurCC can still extract more
concurrency from the workload than the baselines.
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Fig. 8. Analysis of NeurCC in the stored procedure mode.

Workload drift. We simulate workload drifts under the TPC-C workload by changing the number
of threads at different time intervals, i.e., 1 thread for Setting 1 (starting at minute 0), 16 threads for
Setting 2 (starting at minute 200), and 4 threads for Setting 3 (starting at minute 400). Figure 8a
compares the system throughput when optimizing from the initial function (“Restart”), versus
when optimizing from the previously learned function (“w/o Restart”). It can be seen that NeurCC
reacts quickly to workload drifts. Furthermore, the “w/o Restart” approach fails to achieve optimal
performance within three hours in both Setting 2 and Setting 3. This is because our graph reduction
search algorithm involves only edge removal and node merging mutations. We note that in order
to fully explore the conflict graph search space, the optimization process must begin with the
full conflict graph, containing all nodes and edges. Therefore, starting the optimization from a
previously learned optimal function, where the conflict graph has already been reduced, restricts
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the exploration of search space, and consequently leads to a suboptimal conflict graph for the new
workload.

Impact of threshold value. We use eight different TPC-C workload settings4 and evaluate how
the threshold value affects the accuracy of drift detection when switching the workload among
these settings. We use false positive rate and false negative rate as the accuracy metrics. For the
false positive rate, we set the workload to one of the eight settings and report the percentage of
the experiment runs where a workload drift is falsely detected despite no actual workload drift
occurring. For the false negative rate, we evaluate all 7 × 8 possible workload drifts, starting from
one of the eight settings and changing to another, and report the percentage of the experiment
runs where these drifts are not detected. As shown in Figure 8b, the threshold value of 10% leads to
robust detection (3.6% false negative rate) without over-triggering the optimization process (0%
false positive rate).

Impact of learned actions. We evaluate the impact of the learned actions by reverting the learned
CC actions in the final learned function to the actions in the initial function (IC3). Figure 8c shows
that different actions have different impacts. Among them, the F𝐷 and F𝑃 sub-functions (see
Section 5) — ones that are prioritized in our optimization pipeline — account for the majority of
the performance improvement (85.8% and 80.6% in the one warehouse and 4 warehouse settings,
respectively). The reason is that, although dirty reads allow for a higher degree of concurrency
between transactions, they also introduce the risk of dependency cycles that can severely de-
grade performance. By optimizing F𝐷 and F𝑃 , NeurCC mitigates this risk while ensuring high
concurrency.

Impact of optimization stages. We evaluate how each optimization stage contributes to the
agent function. Starting from the initial agent function, we measure the system throughput after
each optimization stage. Figure 8e shows the results under TPC-C workloads with one and four
warehouses. It can be seen that the highest improvements are achieved in the early stages. In
particular, the largest performance gains are observed in Stage 1, where the optimization of F𝐷
and F𝑃 are prioritized. The later stages yield marginal improvements, indicating that the agent
function has likely converged. The results demonstrate that the proposed optimization pipeline
is effective: by prioritizing influential actions early, NeurCC achieves fast convergence, which is
useful given the limited optimization time budgets.

Optimization time. Figure 8d compares the CDF of the optimization time for NeurCC and
Polyjuice to reach peak performance. It can be seen that NeurCC has a significantly lower average
optimization time (9.67 minutes) compared to Polyjuice (1.78 hours), or an 11× speedup. Further,
the optimization time of NeurCC exhibits a lower variance than that of Polyjuice, because it uses
graph reduction search guided by an online-trained surrogate model, whereas Polyjuice uses a
random genetic search algorithm.

6.3 Interactive Transaction Mode
We compare NeurCC against three other baselines that support the interactive transaction mode,
namely 2PL, Silo, and CormCC. In this mode, we use 2PL as the initial function for function
optimization.

Varying contention level. Figure 9a and Figure 9b show the performance under one warehouse, i.e.
high contention, and four warehouses, i.e. low contention.NeurCC outperforms the baselines under

4Denote (𝑥, 𝑦) as 𝑥 threads and 𝑦 warehouses, the eight settings are (1, 1) , (2, 1) , (4, 1) , (8, 1) , (16, 1) , (16, 2) , (16, 4) ,
and (16, 8) .
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both settings, achieving up to 1.96× higher throughput than that of the second-best baseline. This
gap is due to NeurCC’s learned conflict detection actions and wait priorities. For example, under
the one warehouse setting, it learns to perform early validation after accessing hotspots (e.g., before
a new order transaction reads the ITEM table), which leads to a timely abort when the transaction
is likely to fail. It also assigns a low priority to early operations on the DISTRICT table, which
reduces the likelihood of unresolvable conflicts. It ensures that a new order/payment transaction
𝑇1, which has completed a read-modify-write operation on the DISTRICT table, is ordered before
another new order/payment transaction 𝑇2 that has not yet performed such operations. This way,
𝑇2 does not miss updates from 𝑇1, allowing them to commit together.
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Fig. 9. Performance comparison between NeurCC and baselines in the interactive transaction mode.

Varying read ratio. To understand the impacts of the read ratio, we perform one set of experiments
using the YCSB-extended workload. Specifically, we fix the transaction length at 10 and vary the
read ratio (i.e., the percentage of read operations) from 0% to 100%. The results are shown in
Figure 9c. The throughput of all algorithms increases as the read ratio increases. This trend is
expected because higher read ratios result in fewer conflicts among transactions. Further, NeurCC
outperforms the second-best baselines by up to 1.7× when the read ratio is below 100%. For read-
only workloads, NeurCC is slightly worse (by 2.5%) than Silo. The reason is that learning-based
algorithms can learn complex actions that deliver high performance when there are many conflicts,
but they are less effective when there are few conflicts, due to the inherent overhead in the learning
process.

Rapid workload changes. Although real-world workloads typically evolve gradually [10, 28],
rapid workload changes can still arise from planned events such as yearly promotional and sales
events. To evaluate NeurCC’s robustness under such rapid changes, we vary the number of client
threads from 1 to 16 at different switching frequencies. Figure 9d shows the average throughput
over 1 hour. It can be seen that NeurCC performs consistently better than the baselines, even under
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highly unstable workloads. At the highest switching frequency, i.e. 1 second, NeurCC achieves
85.90 ktps, which is comparable to the best static baseline (Silo achieves 85.57 ktps). The results
demonstrate that NeurCC is robust under rapid workload changes.
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6.4 Examples of Learned Actions
Figure 10a and Figure 10b show examples that compare the CC actions learned by NeurCC with
those learned by the second-best baselines. While our implementation uses row-level locking, we
show only table names in the examples for clarity.

In the stored procedure mode, Polyjuice is the second-best baseline. As shown in Figure 10a, both
NeurCC and Polyjuice read dirty data duringWAREHOUSE table accesses and track the transaction
dependency𝑇𝑛𝑜 → 𝑇𝑝𝑎𝑦 → 𝑇 ′𝑛𝑜 . Polyjuice learns to perform the STOCK table access of𝑇 ′𝑛𝑜 only after
the STOCK table access of 𝑇𝑛𝑜 , preventing a potential dependency cycle 𝑇𝑛𝑜 → 𝑇𝑝𝑎𝑦 → 𝑇 ′𝑛𝑜 → 𝑇𝑛𝑜 .
In contrast, NeurCC learns a conflict graph where STOCK table accesses of𝑇𝑛𝑜 and𝑇 ′𝑛𝑜 are unlikely
to conflict with each other. Therefore, it enables a more efficient transaction interleaving where the
STOCK table access from 𝑇𝑛𝑜 , the DISTRICT table access from 𝑇𝑝𝑎𝑦 , and the STOCK table access
from 𝑇 ′𝑛𝑜 can be executed in parallel.

In the interactive transaction mode (Figure 10b), 2PL is the second-best baseline, and it resolves
the conflicts between 𝑇𝑛𝑜 and 𝑇𝑝𝑎𝑦 by performing the WAREHOUSE table access of 𝑇𝑛𝑜 only after
𝑇𝑝𝑎𝑦 commits. This results in a long execution time. On the other hand, NeurCC learns to order
𝑇𝑛𝑜 before 𝑇𝑝𝑎𝑦 , allowing 𝑇𝑛𝑜 to optimistically access the WAREHOUSE table without waiting
for 𝑇𝑝𝑎𝑦 to commit. It also learns to assign a high priority to the DISTRICT table access of 𝑇𝑛𝑜 ,
ordering this access before that of 𝑇𝑝𝑎𝑦 . This prevents a dependency cycle 𝑇𝑛𝑜 → 𝑇𝑝𝑎𝑦 → 𝑇𝑛𝑜 . The

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 211. Publication date: June 2026.



211:24 Hexiang Pan et al.

safe interleaving of the two transactions allows them to commit faster in NeurCC. This example
demonstrates that by enabling better interleaving of transactions, NeurCC can outperform 2PL
despite incurring extra validation costs.

7 Related Work
Adaptive CC algorithms aim to achieve high performance across different workloads. They follow
a classify-then-assign workflow: analyzing workload information, classifying transactions based
on manually selected features, and assigning the most suitable CC algorithm for each type of
transaction. The assignment step can be either heuristic [16, 20, 25, 41, 42, 44, 45] or based on
learning [46, 50, 62].
Among the algorithms adopting heuristic assignment, C3 [42] uses locality-sensitive hashing

(LSH) to cluster transactions with similar SQL texts, which tend to conflict on shared data objects. It
applies 2PL for intra-group conflicts and OCC for inter-group conflicts. AEP [44] predicts whether
a distributed transaction will encounter conflicts based on local data, then uses EWL when there
are no conflicts, and uses PSL when there are. MCC [55] and Tebaldi [41] classify transactions
based on prior workload knowledge, constructing an algorithm hierarchy that switches between
RP, SSI, and 2PL, depending on conflict type. ASOCC [25] categorizes data into hot, warm, and cold
based on the contention level, then uses OCC for cold data, 2PL for hot data, and early validation
with retry for warm data. NeurCC covers more CC designs than these algorithms, and it learns a
fine-grained and flexible combination of them for better performance.

NeurCC shares similarities with other algorithms that adopt learning-based assignment. Polyjuice [50]
classifies transaction operations by their access ID (a hard-coded unique transaction access identi-
fier) and uses an evolutionary algorithm to optimize pipeline-wait actions and transaction back-offs.
ACC [46] clusters transactions similar to PartCC [21] and assigns the best algorithm among OCC,
2PL, and PartCC to each cluster. For fast reconfiguration, it also trains a model that predicts the
optimal algorithm for each cluster, enabling automatic online reconfiguration with offline-trained
models. NeurCC supports more CC design choices than these algorithms, and achieves better
performance across more diverse workloads. Furthermore, it does not require prior knowledge of
the workloads for access ID assignment or transaction clustering.

8 Conclusions
In this paper, we presented NeurCC, a novel learned concurrency control algorithm that achieves
high performance across diverse workloads. NeurCC models concurrency control as a learnable
function. It learns design choices from a large number of existing concurrency control algorithms.
The algorithm employs an optimization algorithm that quickly converges to a combination of
concurrency control actions that achieves high transaction throughput. Specifically, it uses Bayesian
optimization and graph reduction search to reduce the overhead of performance evaluations, thereby
speeding up the optimization process. Our evaluation shows thatNeurCC delivers high throughput,
outperforming the baselines. In particular, its throughput is up to 3.32×, 4.38×, and 4.27× higher
than that of Polyjuice, 2PL, and Silo, respectively. Further, NeurCC’s optimization time is up to 11×
faster than that of other learned baselines, making it more robust and adaptive to workload drifts.
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