
CTuner: Automatic NoSQL Database Tuning with Causal
Reinforcement Learning

Genting Mai
Zilong He
Guangba Yu

Sun Yat-sen University
Guangzhou, China

maigt3@mail2.sysu.edu.cn
hezlong@mail2.sysu.edu.cn
yugb5@mail2.sysu.edu.cn

Zhiming Chen
Pengfei Chen∗

chenzhm37@mail2.sysu.edu.cn
chenpf7@mail.sysu.edu.cn

ABSTRACT

The rapid development of information technology has necessitated
the management of large volumes of data in modern society, leading
to the emergence of NoSQL databases (e.g., MongoDB). To meet
the huge demand for efficient data management and query, op-
timizing the performance of these databases has become crucial.
Currently, some reinforcement learning-based methods have been
used to improve the efficiency of databases by tuning customizable
database configurations. However, these methods have limitations:
they ignore operating system configurations, incur high training
costs with more knobs, and adapt poorly to new environments
with varying workloads and hardware. To address these issues, we
propose a novel and effective approach named CTuner for the
online performance tuning of NoSQL databases. CTuner skips cold
start by Bayesian optimization-based learning, and improves the ex-
ploitation strategy of the Twin Delayed Deep Deterministic Policy
Gradient (TD3) model with causal inference. Practical implemen-
tation and experimental evaluations on three prominent NoSQL
databases show that CTuner can find a better configuration at
the same time cost than state-of-the-art approaches, with up to a
27.4% improvement in throughput and up to 13.2% reduction in
95%-tail latency. Moreover, we introduce meta-learning to enhance
the adaptability of CTuner and confirm that it is able to reliably
improve performance under new environments and workloads.

CCS CONCEPTS

• Software and its engineering→ Software performance.
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1 INTRODUCTION

The proliferation of large-scale data in modern society has been a
driving force behind the rapid advancement of databases, partic-
ularly NoSQL databases. NoSQL databases have found extensive
applicability in various domains, including web applications, big
data analysis, and Internet of Things (IoT) platforms [40]. With the
ever-increasing demand for effective data management and anal-
ysis, optimizing database performance is crucial to enhance data
retrieval, storage, and processing capabilities, ultimately enabling
organizations and individuals to gain a competitive edge in the
data-driven era.

Database performance relies on a range of knobs (i.e., configura-
tion parameters or options) that exhibit both explicit and implicit
dependencies, making manual configurations based on expert ex-
perience of database administrators (DBAs) labor-intensive and
error-prone [50] , which further exacerbates the complexity of the
problem.

Previous attempts at automatic database configuration tuning
can be divided into two major classes, namely Bayesian Optimiza-
tion (BO) based [14, 15, 24, 45, 52, 53] and Reinforcement Learning
(RL) based [7, 18, 20, 29, 48, 50, 54] methods. Given an objective func-
tion that models knobs and performance metrics (e.g., throughput),
the basic idea of BO-based methods is to find the optimal configu-
rations (i.e., set of knobs’ values) with the best performance based
on a probabilistic model. However, BO-based methods struggle to
rapidly search for optimal configurations due to the exponential
growth of the configuration space [14], limited adaptation to new
workloads and environments [32] and the need for continuous
model updates and tuning efforts [11].

RL-based methods effectively address NoSQL database tuning
by treating it as a sequential decision-making problem and utiliz-
ing policy-based model-free RL agents. These methods leverage
deep neural networks to capture complex relationships between
knobs and performance metrics, making them suitable for high-
dimensional configuration spaces [18, 20, 29, 50]. Therefore, existent
RL-based approaches have shown superior effectiveness compared
to manual [51] and BO-based tuning methods [13]. However, they
still possess significant limitations.

269

https://doi.org/10.1145/3671016.3674809
https://doi.org/10.1145/3671016.3674809
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3671016.3674809&domain=pdf&date_stamp=2024-07-24


Internetware 2024, July 24–26, 2024, Macau, China Genting Mai et al.

Figure 1: The performance of MongoDB in workload_g that

only changes the value of the OS knob dirty_ratio.

Figure 2: Comparison of the best relative throughput and latency of DDPG

under different workload or hardware for MongoDB, where Initialization
represents online tuning in workload_g, Different_workload is online tuning

in workload_f, Different_hardware is online tuning in workload_g and another

hardware with different CPU configuration.

Limitation1: Ignoring Operating System Configurations.

The performance of a database can be influenced by OS configu-
rations. We conducted a performance experiment on MongoDB
under the workload_g from YCSB [10]. Changing only the OS knob
dirty_ratio from 0 to 100while keeping other knobs at default values,
we observed significant changes. MongoDB’s throughput increased
from 5096 ops/s to 10204 ops/s, and the 95%-tail latency decreased
from 21715 us to 6891 us (Fig. 1). This knob, a Linux kernel param-
eter, limits dirty pages in memory, directly impacting MongoDB’s
performance. Therefore, considering the OS configuration expands
the tuning space and improves database performance. However, ex-
isting RL-based methods for NoSQL database performance tuning
generally overlook this aspect [21].

Limitation2: Training cost increases significantly with the

number of considered knobs. Modern NoSQL databases offer
numerous tunable knobs. For example, Apache Cassandra has 155
configurable knobs [50]. To ensure the effectiveness of RL-based
methods, it is intuitive and necessary to consider as many knobs
as possible, leading to a large sample size and significant testing
overhead [44]. However, the vast configuration space makes it chal-
lenging for RL-based methods to converge, resulting in increased
training costs [27]. Therefore, reducing the configuration space via
pre-selecting the set of important knobs for tuning is still an urging
problem.

Limitation3: Weak adaptability for new environments

with different workloads and hardware. Deploying one type of
database in varied environments is a common practice. However,
existing RL-based approaches lack adaptability in diverse environ-
ments. We use DDPG for offline training in workload_g. Then, we
perform online tuning in workload_g and workload_f, and tune
in a different hardware environment (Fig. 2). Results show poor
performance in unseen environments and high time consumption
for fine-tuning. Therefore, improving model generalization and
reducing tuning time is crucial.

Our approach. To address the limitations of existing methods,
we propose CTuner 1, a reinforcement learning-based Hybrid

1The source code is available at https://github.com/IntelligentDDS/Ctuner.git

Tuning System for NoSQL databases, which rapidly adapts to en-
vironments with unseen hardware and workloads. It considers both
OS and NoSQL database knobs (Limitation1 solved). CTuner
consists of offline training and online tuning. Offline training is
a two-stage task. In the first stage, The Hash-enhanced Subspace
BO (HeSBO) [33] is used to generate high-quality training samples.
Bayesian optimization can quickly find better configuration with
fewer iterations. But its learning potential is limited. Therefore, the
second stage is introduced, we use Twin Delayed Deep Determinis-
tic Policy Gradient (TD3) [17] as the Deep Reinforcement Learning
(DRL) model for tuning. The samples from the previous stage are
used to solve the cold start problem of DRL. At the same time, Ran-
dom Forest [6] is used to reduce the input dimension of the neural
network to lower the training costs. Besides, CTuner innovatively
integrates causal inference and meta-learning [43] into DRL. Causal
inference can learn the causal relationship between knobs and per-
formance to speed up the convergence of the model (Limitation2

solved). And meta-learning improves the model’s ability to adapt
when encountering unseen environments (Limitation3 solved).

In addition, online tuning consists of three parts: Collector, Adap-
tor, and Rule Filter. Collector gathers NoSQL databases environment
information. Adaptor can quickly adapt the model to unseen en-
vironments and generate better configurations. Rule Filter adjusts
knob values based on user-defined rules. This combination enables a
secure and optimal configuration quickly. Compared with the state-
of-the-art methods, our experimental results show that CTuner
performs better given the same time and resource cost.

Contributions.We summarize our contributions as follows:

• We propose an online tuning framework for NoSQL
databases with safer configurations, low tuning cost and
high efficiency, considering both NoSQL databases and OS
configurations.
• We combine Bayesian optimization, causal inference, and
meta-learning to extend traditional reinforcement learning
methods to improve the efficiency and adaptability of the
online learning model.
• Practical implementation and experimental evaluations on
three prominent NoSQL databases show that CTuner can
find a better configuration at the same time cost than state-
of-the-art approaches, with up to a 27.4% improvement in
throughput and up to 13.2% reduction in 95%-tail latency.

2 OVERVIEW OF CTUNER

The goal of CTuner is to reduce the time of online tuning while
achieving optimal NoSQL databases performance. CTuner provides
a novel architecture, which is shown in Fig. 3. CTuner consists of
(a) offline part, which trains a tuning model that can quickly adapt
to different environments, and (b) online part, which recommends
good configuration for unseen environments according to user
requirements.

2.1 Offline Training

Booster. In the first stage, CTuner uses HesBO in multiple training
environments to collect high-quality training samples. Then, these
samples are trained through Random Forest, resulting in a ranked
list of knobs by importance. We take the top-ranked knobs in the list
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Figure 3: The architecture of Ctuner

Figure 4: Online tuning of MongoDB using Ctuner.

as the training configuration space, reducing the control dimension
of the model.

Recommender. In the second stage, CTuner designs a TD3
model based on meta-learning and causal inference, which uses dy-
namic workload to train multiple meta-training tasks. A multi-task
priority experience pool is designed for storing and extracting his-
torical data. Unlike traditional fine-tuning methods, meta-learning
allows models to quickly adapt to new workloads. Next, CTuner
warms up the model with pre-generated high-quality samples to
accelerate convergence. During training, CTuner uses GRU [9]
to extract meta-features of workload and hardware, learning fea-
ture knowledge from different environments. Besides using actors
for configuration exploration and exploitation, Fast Causal Infer-
ence (FCI) [42] is applied to historical training samples to generate
a causal graph. Then causal inference selects the knob with the
largest causal effect for tuning, maximizing the use of high-quality
historical data.

2.2 Online Tuning

Collector. In the early stage of tuning, CTuner uses the model
trained offline to generate configurations. And it is deployed to get
metric samples including state and performance. Each sample is
shaped like {𝑎, 𝑠, 𝑟 }, where 𝑎 is a set of knobs as well as their values,
𝑠 is the database state, 𝑟 is the performance including throughput
and latency. After that, these samples are fed into the Adaptor.

Adaptor. After receiving the sample 𝑆 from the Collector, the
Adapter extracts the meta features of the environment. These are
trained together with data from the Reply Memory Pool to obtain a
covariate offset-corrected model. It adjusts the offline model to the

current environment. This module can save tuning time and allow
the tuning model to find better configurations faster.

Rule Filter. This module allows users to customize the range of
configuration parameters based on expert experience. This makes
the recommended configuration more safe and reliable. Moreover,
expert users use this function to improve the recommendation
efficiency of the model.

2.3 An Illustrative Example

Fig. 4 illustrates the process of online tuning of MongoDB using
CTuner. Users can input the range of configuration parameters
into the system based on expert experience. CTuner uses the meta-
model trained offline to generate configuration to obtain the corre-
sponding metric and store it in the sample pool. After several times
of collections, these data are sent from Collector to Adaptor. The
Adaptor extracts features from the user’s hardware and workload
through the feature extractor. Then, these features are used to fit
the historical data in the replay memory pool to get a calibration
model, and Adapted Model is obtained by adjusting the offline
trained model. Configuration is generated using the model and sent
to the rule filter. Finally the selected configuration will be applied
into the MongoDB cluster. If the obtained performance satisfies the
user’s requirements or reaches the maximum number of tuning
iterations, the configurations are returned to the user. Otherwise,
the metric is fed back to the Adaptor to generate configuration
continuously.

3 DESIGN OF CTUNER

CTuner consists of several critical components, each of which
plays an important role in realizing a tuning system with very few
samples, low cost and high adaptability. (a) CTuner considers both
operating system and NoSQL database knobs (Limitation1 solved).
(b) CTuner uses BO to sample high-quality tuning data, and use
random forest to filter out important knobs to reduce the configu-
ration space. CTuner designs causal inference algorithms to make
full use of high-quality samples to speed up model convergence
(Limitation2 solved). (c) CTuner designs meta reinforcement
learning algorithms to improve model adaptability (Limitation3

solved). We describe the components of CTuner in detail.
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Figure 5: Comparison of the best relative throughput and

latency of TD3 with and without warm-up for Redis

3.1 BO for High-quality Sampling

Bayesian optimization (BO) is mainly used to solve computationally
expensive black-box optimization problems. Specifically, at each
iteration, the prior knowledge observed before is used for the next
optimization. The two key components of BO include the surrogate
model and acquisition function. BO is very suitable for solving
NoSQL configuration optimization problems where the objective
function is unknown and the calculation is complex.

The traditional BO algorithm is easy to fall into the local optimal
solution [14]. Although extended BO is able to jump out of local op-
timal solutions, its exploration capability may be limited compared
with RL [47]. Therefore, we choose to combine the advantages of
RL and BO to achieve better optimization results. Moreover, the
cold start problem is very prominent for RL. It can be seen from
Fig. 5 that the tuning effect of TD3 with warm-up and without
warm-up is very different. High-quality samples at the early stage
of training can solve the cold start problem and speed up training.
For NoSQL database tuning tasks, obtaining a sample requires a
long period of configuration deployment and pressure testing. It
leads to prohibitively high training costs. If the obtained samples
are of high quality, fewer samples can also allow the neural net-
work to learn enough knowledge. It can be seen from Fig. 6 that
compared with the random algorithm and LHS [22], BO can learn
the features in NoSQL databases more quickly and obtain higher
quality samples. Therefore, we choose BO to generate high-quality
samples, and then warm-up the reinforcement learning model to
make it converge faster and get better tuning results [7].

Considering that traditional BO cannot accept high-dimensional
input space. Inspired by LlamaTune [26], we use Hash-enhanced
Subspace BO (HeSBO) [33], which is a random linear projection
variant. Assuming that the original D-dimensional search space is
H and the target dimension is d. HeSBO defines the d-dimensional
search space L = [−1, 1]𝑑 . Next, it generates a random projection
matrix M ∈ 𝑅𝐷×𝑑 . Each row of M contains a non-zero element in
a column that is set to ±1. Both values and columns are chosen
randomly. Essentially, M provides a one-to-many mapping. Each
original parameter in H is controlled by a synthesized parameter
in L, and each synthesized parameter can control multiple original
parameters.

After the dimension transformation, it can be processed with or-
dinary BO. Like most BO methods [8, 12], we also choose Gaussian
Process (GP) as the surrogate model. The Expected Improvement
(EI) acquisition function is used to recommend the next better
configuration. NoSQL database cluster returns the correspond-
ing throughput and 95%-tail latency. Let K = {𝐾1, 𝐾2, · · · , 𝐾𝑛}
be the recommended configuration for each iteration, and R =

{𝑅1, 𝑅2, · · · , 𝑅𝑛} be the feedback obtained for each deployment
configuration. We use Eq. 1 and Eq. 2 to fuse the two indicators in

Figure 6: Comparison of efficiency in acquiring Redis data-

base samples using different methods, where High andMid-
ium respectively indicate a performance improvement of

> 30% and 10% − 30% compared to the default, while Low indi-

cates other situations.

K𝑡 into R𝑡 :

𝐸 (𝑥) =

−10 × ( 1

𝑒𝑥
− 1), 𝑥 ≤ 0

10 × (𝑒𝑥 − 1), 𝑥 > 0
, (1)

𝑓 (𝐾𝑡 ) = 𝛽𝐸 (
𝑇𝑐𝑢𝑟

𝑇𝑑𝑒𝑓
− 1) + (1 − 𝛽)𝐸 (1 − 𝐿𝑐𝑢𝑟

𝐿𝑑𝑒𝑓
), (2)

where 𝐸 (𝑥) is the amplification function which aims to enlarge
the range of reward values. Here, T𝑐𝑢𝑟 and T𝑑𝑒𝑓 are the throughput
obtained by the current and the default configuration respectively,
and L𝑐𝑢𝑟 and L𝑑𝑒𝑓 are the 95%-tail latency obtained by the current
and the default configuration respectively. 𝛽 ∈ [0, 1] is the weighted
ratio of throughput and 95%-tail latency. The larger 𝛽 , the more the
algorithm favors throughput, otherwise it favors latency. 𝛽 can be
set by the user, here we set 𝛽 = 0.5.
𝑆𝑡 = {𝐾𝑡 , 𝑅𝑡 } is the sample added for the 𝑡-th time in the ob-

servation set. In GP, every point in the continuous input space
is associated with a normally distributed random variable. When
the observation set changes from 𝑆𝑡 to 𝑆𝑡+1, the GP model can be
easily updated. Then EI is used to recommend the next optimal
configuration, iterating until reaching the maximum iterations or
performance improvement stagnates.

3.2 Knob Space Reduction

NoSQL databases have a very large configuration space. In order
to reduce the input dimension of the model, we use the Random
Forest (RF) [6] to calculate the feature importance of the configura-
tion space. RF is a supervised machine learning method that uses
multiple decision trees to classify or regress data, with the final
output being determined by the mode of each tree’s class.

We choose Classification and Regression Tree (CART) [28] to
build the decision tree. The RF consists of 500 CART. First, G fea-
tures are input, where features are a subset of configurations and
the labels are their corresponding performance metrics. Next, it
randomly collects n times with replacement from the 200 training
samples obtained by BO to obtain a training dataset. And the un-
drawn samples are used as the test dataset. At each node, G features
are randomly chosen for decision making, and CART constructs
the tree based on these using Gini impurity [19]. Gini impurity
represents the probability that a randomly selected sample is mis-
classified in the sample set. And the best features (i.e. knobs) are
split from the nodes to generate new leaf nodes. Each CART will
grow fully without pruning.

By averaging Gini impurity reduction across 500 CARTs, we de-
termine knob importance. The input configuration space is filtered
based on these values, yielding a ranked list. We choose the top-20
knobs as the input space for the reinforcement learning model.
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3.3 Adaptability Improvement via Meta TD3

Most of existing database tuning methods based on reinforcement
learning [29, 45, 50] use the Deep Deterministic Policy Gradient
(DDPG)[30] algorithm. DDPG combines DQN and Actor-Critic,
which is a model-free, off-policy method. However, the critic of
DDPG tends to estimate a high Q-value, which is fatal in practice
[46]. Therefore, we use the Twin Delayed Deep Deterministic Policy
Gradient (TD3) algorithm, an improved version of DDPG [17]. TD3
mitigates overestimation issues by using two critics to estimate
Q-values. It reduces the situation where the Q-value is too high by
selecting the smallest one as the target Q-value.

Although TD3 can quickly learn tuning knowledge, it does not
work well consistently for different environments. Existing work
[29, 50] fine-tunes the model before tuning. However, the fine-
tuning takes too long to quickly recommend an optimal configura-
tion. Therefore, our work builds on meta-learning in the context of
reinforcement learning [43], which adapts to unseen environment
by aggregating historical experience into the latent representations.
We use offline meta-reinforcement learning to solve tuning prob-
lems. We fuse meta-learning with TD3. The neural network is used
to convert features under different workloads or hardware environ-
ments into contexts, which are used as input to Actor. It enhances
the agent’s ability to adapt to diverse environments rapidly. We
explain the six model elements as follows.

Agent. Agent is the TD3 model. It comprises Actor and Critic.
TheActor takes the current State and environment features as input,
and outputs an Action. Critic takes the current State, Action and
the features of the current environment as input, and outputs a
Q-value.Actor updates based on Critic’s feedback, and Critic adjusts
according to rewards. The Agent’s aim is to optimize Action within
the tuning environment to maximize rewards and meet database
performance requirements.

Environment.The Environment encompasses the running setup
of the NoSQL databases and the OS environment. Meta-training
uses multiple tuning environments on NoSQL databases for offline
training. Different workloads, hardware and NoSQL databases make
up different environments. In our implementation, we decouple the
Environment from the tuning algorithm.

State. State is the current tuning system’s observation of the
current tuning environment. The State is divided into application
states and OS states, which cover the state of CPU, memory, net-
work, hard disk, file system and other categories. Each application
has a different way to obtain the states. For example, MongoDB
uses the “serverStatus" and “mongostat" commands, and Cassandra
uses the “nodetool" command. The OS obtains the states through
the “vmstat" command that comes with Linux.

Action. Action is the knobs for OS and NoSQL database, includ-
ing the important knobs selected by the RF.

Reward. After the Action is converted into knobs and deployed
in the actual environment, the current throughput and 95%-tail
latency are obtained. Then they are substituted into Eq. 1 and Eq. 2
to get Reward, which describes the current performance compared
to the default performance.

Policy. The neural network needs to learn the optimal Policy
function, which generates Action according to the Environment
feature and State. Its goal is to maximize Reward.

For offline meta-training, inspired by previous work [39],
we designed Multi-tasking Prioritized Replay Memory for

Figure 7: Meta TD3 algorithm process. To generate the value

of 𝑎𝐸
𝑇
, the context from steps 𝑁 − 1 to 𝑇 − 1 is used.

Figure 8: Partial ADMG of MongoDB. For the purpose of

illustration, the causal relationships between 4 MongoDB

knobs, 4 OS knobs and throughput and latency are shown.

experience replay. We store samples in the replay pool in the form
of {𝐸, 𝑃𝐸

𝑇
, 𝑠𝐸
𝑇
, 𝑠𝐸
𝑇+1, 𝑎

𝐸
𝑇
, 𝑟𝐸
𝑇
, 𝑠𝐸
𝑁 :𝑇 , 𝑎

𝐸
𝑁 :𝑇 , 𝑟

𝐸
𝑁 :𝑇 }, where 𝐸 represents the

tuning environment, 𝑠𝐸
𝑇
is the current State, 𝑎𝐸

𝑇
is the Action made

by the Actor according to 𝑠𝐸
𝑇
and current Environment features 𝑓 𝐸

𝑇
,

𝑠𝐸
𝑇+1 and 𝑟

𝐸
𝑇
are the State and Reward of the Environment after per-

forming 𝑎𝐸
𝑇
. 𝑠𝐸
𝑁 :𝑇 , 𝑎

𝐸
𝑁 :𝑇 , 𝑟

𝐸
𝑁 :𝑇 are the State, Action and Reward of the

𝐸 collected from steps 𝑁 to 𝑇 , where 𝑁 = 𝑇 − 10. 𝑃𝐸
𝑇
is the priority

of the sample. It is calculated by Eq. 3 and Eq. 4.

𝛿𝐸𝑇 = |𝑄1 −𝑄2 |, (3)

𝑃𝐸𝑇 = 𝛿𝐸𝑇 + |𝑟
𝐸
𝑇 |, (4)

where 𝑄1 is the current 𝑄 function, and 𝑄2 is the target 𝑄 func-
tion. The absolute value of the difference between 𝑄1 and 𝑄2 is
Temporal Difference (TD) error. If the TD error 𝛿𝐸

𝑇
is large, it means

that the current 𝑄 function is far from the target 𝑄 function, and
more samples are required for training. In addition to focus on
samples with a high TD error, samples with larger and smaller re-
wards also need to be considered. These values are sparse, but have
a greater impact on the target 𝑄 value, providing crucial policy
update information. Therefore, we consider TD error and Reward
at the same time, so that samples with high TD error and high or
low reward value can be used multiple times. The model can fully
learn the knowledge of these high-value samples.

For Meta TD3, we create TD3-Context, TD3-Actor and TD3-
Critic. TD3-Context uses a two-layer recurrent neural network GRU.
Compared to LSTM, GRU has a simpler structure, fewer parameters,
and easier convergence. TD3-Actor and TD3-Critic are implemented
using simple neural networks. Similar to previous meta-RL [16, 37],
we assume the tuning environment has a distribution 𝑝 (𝐸), where
each task is a Markov decision process (MDP) consisting of a set of
State, Action, transition function, and reward function composition.
The reward function is set in advance, and the transition function is
learned through training. As shown in Fig. 7, given a set of different
tuning environments 𝑝 (𝐸), the meta-training process first converts
the historical context 𝑐 of an environment into the features, so as
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Algorithm 1: Exploitation Based on Causal Inference
Input: High quality Sample set S in Replay Memory
Output: Configuration K generated by Exploitation strategy

1 Convert all actions in S to knobs and non-numeric values to numbers
/* Run FCI on S for causality discovery and get the causal

paths list */

2 Paths← S
3 Draw ADMG according to Paths
4 Convert the knobs to discrete values and store them in a dictionary V
5 KV← empty list
6 for Path in Paths do
7 for k in Path do

8 𝑚𝑎𝑥_𝑒 𝑓 𝑓 𝑒𝑐𝑡 ← −20000
9 for v in𝑉 [𝑘 ] do
10 Calculate the causal effect 𝑐𝑢𝑟_𝑒 𝑓 𝑓 𝑒𝑐𝑡 when the value of 𝑘 is

𝑣 according to the backdoor adjustment and ADMG
11 if𝑚𝑎𝑥_𝑒 𝑓 𝑓 𝑒𝑐𝑡 < 𝑐𝑢𝑟_𝑒 𝑓 𝑓 𝑒𝑐𝑡 then
12 𝑚𝑎𝑥_𝑒 𝑓 𝑓 𝑒𝑐𝑡 ← 𝑐𝑢𝑟_𝑒 𝑓 𝑓 𝑒𝑐𝑡
13 Add {𝑐𝑢𝑟_𝑒 𝑓 𝑓 𝑒𝑐𝑡, 𝑘, 𝑣} to 𝐾𝑉
14 end

15 end

16 end

17 end

18 Find the 𝐾𝑉 element with the highest 𝑐𝑢𝑟_𝑒 𝑓 𝑓 𝑒𝑐𝑡 , set knob 𝑘 to 𝑣, and use
the best-performing values for other knobs in the current environment.

19 return Configuration K

to allow the policy to quickly adapt to unseen environments. Let
𝑐𝐸𝑡 = (𝑠𝐸𝑡 , 𝑎𝐸𝑡 , 𝑟𝐸𝑡 ) be the context of environment 𝐸, where 𝑡 = 1 : 𝑇 .
𝑐𝐸
𝑁 :𝑇 is the experience of environment 𝐸 collected from steps 𝑁 to
𝑇 . Input 𝑐𝐸

𝑁 :𝑇 into TD3-Context, and output the characteristic 𝑓 𝐸
𝑇

of the environment. Then, TD3-Actor learns the tuning strategy
through the strategy function. TD3-Critic evaluates the quality of
the policy function through 𝑄 (𝑠, 𝑎, 𝑓 ).

In online tuning, deploying the trained model in varying envi-
ronments necessitates rapid adaptation to previously unseen con-
ditions. Initially, the Collector collects samples, which are then
processed by the Adapter. The Adapter utilizes TD3-Context to ex-
tract environment features from the samples. These features, along
with data from the Replay Memory, are inputted into a covariate
shift correction model. This model computes the deviation between
the current and training environments using a logistic algorithm,
which has been shown to be effective in dealing with changes in
the data distribution [41]. Finally, This model is used to adjust the
offline model to obtain a model adapted to the current environment.
3.4 Exploitation Strategy with Causal Inference

To accelerate model convergence, we need to make full use of
high-quality tuning samples. We focus on the trade-off dilemma in
reinforcement learning between trying new Action (exploration) or
choosing the best Action based on previous experience (exploita-
tion). The existing methods involve changing the exploration strat-
egy by adding random values to the best-performing Action, but
this doesn’t ensure continued optimal performance and can limit
Agent exploration while risking local optima. In addition to efficient
exploration, efficient exploitation can also hasten model conver-
gence. Given limited training samples, effective sample utilization
is critical for tuning. Finding the essential relationship between
configuration and performance is pivotal for efficient sample usage.
Inspired by Unicorn [23], we use causal inference [35] as an exploita-
tion strategy. Causal inference infers causal relationships from data,

which correlation-based methods cannot do [49]. It can help mine
the essential relationship between knobs and performance.

Causal inference offers two advantages: (i) intervention, assess-
ing impact changes given an intervention; (ii) explanation, under-
standing why a configuration can lead to high performance. It
consists of two phases, the information phase and the query

phase. The information phase uncovers causal structures, often
leveraging conditional independence relationships in data. Com-
mon constraint-based algorithms like PC [25] and FCI [42] are used
for this purpose. PC requires no confounding factors, while FCI
can give nearly correct results even in the presence of confounding
factors. During offline training, not all state factors are observable
in the actual system, and accurate causal structures improve inter-
vention accuracy. Therefore, we run the FCI algorithm based on the
samples in Replay Memory for causal discovery. Next, we construct
the Asyclic Directed Mixed Graph (ADMG) based on these causal
relationships, illustrated for MongoDB in Fig. 8.

In the query phase, a specific knob is adjusted based on the
determined causal structure, leveraging high-quality samples to
expedite model convergence. Actions are generated according to
ADMG. CTuner employs causal effects to identify and modify
the NoSQL database configuration knob with the greatest perfor-
mance impact. This process is detailed in Algorithm 1. Assuming
all confounding factors are identifiable through observational data,
backdoor adjustment is used to calculate the causal effect of knobs
on performance, with the knob exhibiting the largest causal ef-
fect being adjusted. The Exploitation Strategy Based on Causal

Inference (ESCI) is implemented using Causal-learn [4].
We incorporate causal inference into meta TD3. Below is a brief

overview of the Action selection strategy. A small sample size can
lead to low accuracy in causal discovery. Therefore, experiments de-
termined that when the sample size in the Replay Memory exceeds
200, the causal inference function is activated. Once enabled, there’s
a 30% probability of using ESCI for Action selection. As the step of
model training increases, the probability of using ESCI decreases,
and eventually relying solely on the Agent for Action generation.

4 EXPERIMENTAL EVALUATION

We now present an evaluation on CTuner’s ability to automat-
ically optimize the configuration of a NoSQL database. We first
implemented CTuner on the top of Pytorch [34], Sklearn [36] and
Causal-learn [4]. Then, we compared CTuner with other advanced
methods to illustrate its reliability and effectiveness. Finally, we con-
ducted a series of ablation experiments to confirm the effectiveness
of each module of CTuner.

4.1 Experiment Setup

System and environment. CTuner was evaluated on a LAN-
connected ten-node NoSQL DB cluster, one CTuner node. The
other 9 nodes are equally divided into 3 small clusters, each cluster
is heterogeneous and deployed with Ubuntu 18.04 OS. Each node
in two of the clusters is configured with 16 GB RAM and 8 cores
(but the two clusters run on different CPU configurations). The
other cluster is configured with 8GB RAM and 4 cores per node. We
conducted tuning experiments on three NoSQL databases including
MongoDB, Redis and Cassandra. Each is deployed in a distributed
manner in a small cluster.
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(a) MongoDB in workload_f (b) MongoDB in workload_f (c) MongoDB in workload_g (d) MongoDB in workload_g

(e) Redis in workload_f (f) Redis in workload_f (g) Redis in workload_g (h) Redis in workload_g

(i) Cassandra in workload_f (j) Cassandra in workload_f (k) Cassandra in workload_g (l) Cassandra in workload_g

Figure 9: Comparison of the best relative throughput and latency of CTuner, DBA, QTune, Hunter, TurBO, Restune for

MongoDB, Redis, Cassandra in workload_f and workload_g.

Table 1: Knobs and State Metrics for NoSQL Database

MongoDB Redis Cassandra

Initial Knobs 40 46 53
Filtered Knobs 13 15 17
State Metrics 23 14 11

Considered Knobs. Table 1 shows the number of Initial Knobs
for each database instance based on expert experience, as well as the
number of Filtered Knobs based on RF filtering. The knobs include
both the OS and database knobs. The knobs selected by Filtered
Knobs are mentioned in the tuning guide [1, 3, 5]. State Metrics is
the number of State indicators of the NoSQL database, and the State
also includes the database states and OS states. To mitigate the
effects of performance variability caused by workload, network and
other hardware, we repeated all experiments 3 times to increase
the confidence of the results and the correctness of the conclusions.

Baseline.We compare CTunerwith state-of-the-art methods on
NoSQL databases, where methods include QTune [29] (DS-DDPG)
and ResTune [52] (meta-learning), TurBO [14] (Bayesian optimiza-
tion), Hunter [7] (hybrid method). For fairness, the initialization
parameters of each method are randomized, and the Reply Memory
is empty for each workload. In addition, a senior database adminis-
trator (DBA) was invited. We used the configuration given by the
DBA in combination with the database tuning guide and personal
experience for comparison.

Workload setup and replay. In the experiment, Ansible is used
to automate the deployment of CTuner configuration. Specifically,
the database is deployed to the local cluster through a playbook
written in YAML, configurations are updated from theOS kernel and
NoSQL database. The YCSB tool is used to run the benchmarks. We
use the standard workload of YCSB for offline training and online
tuning, using workload_a (50% read, 50% update), workload_b (95%
read, 5% update), workload_c (100% read), workload_d (95% read,
5% insert), workload_e (95% scan, 5% insert), workload_f (50% read,

Figure 10: Workload changes over time.

50% insert). In order to increase the richness of the workload, we
have customized workload_g (40% read, 30% update, 30% insert). In
our experiments, the weight ratio 𝛽 of throughput and latency is
set to 0.5 by default.
4.2 Comparisons

To compare the performance of state-of-the-art methods, all meth-
ods start without any prior knowledge, and each method has the
same offline training cost. The online tuning time also sets the step
size to 100. We use workload_a to workload_e as the offline train-
ing environment, workload_f and workload_g as the online tuning
environment. Each method is experimented with three NoSQLs,
MongoDB, Redis, and Cassandra.

Fig. 9(a), 9(b) show the best relative throughput and best relative
latency for each method on MongoDB for workload_f. As shown in
Fig. 9(a), compared with DBA, QTune, Hunter, TurBO, and Restune,
the best relative throughput of CTuner relative to the default
performance is increased by 8.5%, 11.9%, 5.6%, 10.5%, and 8.3% for
MongoDB in the same time cost. For latency, CTuner has the same
advantage.

Fig. 9(e), 9(f), 9(i), 9(j) show the best relative throughput and best
relative latency of each method on Redis, Cassandra for workload_f.
According to the performance of these methods on workload_f,
we can know that CTuner can increase the throughput by 4.6%-
12.2% on Redis and 8.4%-27.4% on Cassandra compared with other
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Figure 11: Comparison of throughput and latency of CTuner,

DBA, QTune, Hunter, TurBO, Restune for MongoDB in dy-

namic workloads

methods. For latency, CTuner can decrease by 6.6%-12.2% on Redis
and 3.2%-13.2% on Cassandra.

Fig. 9(c), 9(d), 9(g), 9(h), 9(k), 9(l) show the best relative through-
put and performance of each method on MongoDB, Redis, Cassan-
dra for workload_g. Each NoSQL database optimizes throughput
and latency very differently in different workload. It shows that
the environment has a great influence on the tuning system. How-
ever, CTuner still has advantages over other methods. CTuner can
find a better configuration at the same time cost, with throughput
increased by 2.4%-17.2% and 95%-tail latency decreased by 1.2%-
11.8%. CTuner’s meta-learning ability can quickly adapt to unseen
environments and recommend the optimal configurations. In con-
trast, other methods require longer fine-tuning periods, leading to
suboptimal recommendations within the same time constraints.

Real-world workloads typically exhibit diurnal patterns [38],
with requests per second (RPS) varying throughout the day, such
as higher RPS in the afternoon compared to the evening. To cap-
ture this variation, we use an e-commerce search benchmark that
records the RPS of an e-commerce search system over a month
[2]. This RPS value is scaled to obtain the operationcount in YCSB.
The dynamic workload is derived from workload_g, with its oper-
ationcount varying according to the e-commerce benchmark. For
performance comparison under dynamic workloads, we selected
four time points for demonstration (Fig. 10). Results in a MongoDB
cluster (Fig. 11) show that CTuner consistently outperforms other
methods, demonstrating its ability to rapidly adjust configurations
in response to workload changes, thereby ensuring superior NoSQL
database performance.

4.3 Ablation Studies

Causal Inference and RL Module. Current RL-based database
tuning methods primarily use DDPG. To validate our method, we
experiment on TD3, SAC, and DDPG, both with and without ESCI,
using the same training duration. Then, we use these offline trained
models for online tuning. It can be seen from Fig. 12 that the method
with ESCI can significantly improve the tuning effect. It shows
that ESCI can effectively identifies causal relationships between
knobs and enhances training efficiency. In addition, DDPG tends
to overestimate Q-values early in training, whereas TD3 and SAC
mitigate this with two Critic networks. TD3 and SAC outperform

Figure 12: Comparison of the best relative throughput and

latency of TD3, SAC, DDPG with and without ESCI for Redis.

Figure 13: Comparison of the best relative throughput and

latency of Meta TD3 and TD3 for MongoDB, where both

are tuned in workload_f. Additionally, compare their perfor-

mance on hardware with different CPU types (TD3_type and
Meta_TD3_type) as well as on hardware with less CPU and

memory resources (TD3_resource andMeta_TD3_resource).

DDPG, with TD3 performing best in our experiments. Therefore,
we choose TD3 with ESCI for the reinforcement learning model.

Meta-learning Module. We conduct experiments on the meta-
learning module in MongoDB, and compare the methods of Meta
TD3 and TD3, both using ESCI. We use workload_a to workload_e
as the offline training environment. It can be seen from Fig. 13
that both methods have poor initial effects when encountering the
unseen environment. However, meta TD3 can adapt to the environ-
ment through the Adaptor at the beginning. After adaptation, mata
TD3 shows a better performance than TD3. This ability of rapid
adaptation makes meta TD3 have better generalization ability and
stronger applicability.

Table 2: The model inference time of each method for Mon-

goDB in online learning (repeated 50 experiments, taking

mean and variance)

QTune Hunter Turbo Restune CTuner

Inference Time 4.6±0.4ms 4.4±0.5ms 152.1±21.5ms 436.5±46.8ms 5.0±0.5ms

Tuning Model Inference Time. Although the CTuner is more
complex, its model inference time is still within an acceptable range.
As shown in Table 2, CTuner’s model inference time is similar to
that of QTune and Hunter. In addition, RL-based methods have
shorter inference times than BO-based methods. The time complex-
ity of Bayesian optimization is 𝑂 (𝑁 3) and incremental training
cannot be carried out. As iterations increase, BO becomes slower
[11]. During online tuning, configuration deployment and pressure
testing times exceed 20 and 50 seconds, respectively. Therefore,
CTuner’s model inference time is acceptable.

5 LIMITATIONS

CTuner provides an effective, efficient and reliable configuration
tuning method for NoSQL databases. However, it has some limita-
tions. First, the reward function of TD3 is predefined. While it is
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suitable for MongoDB, Redis and Cassandra, it is not necessarily
suitable for other NoSQL databases. In the future, CTuner can be
combined with inverse RL to allow the model to automatically learn
the reward function. Secondly, we only use causal inference to im-
prove the exploitation strategy of RL. Future work will allow causal
inference and RL to have a deeper combination. Finally, CTuner’s
capability to quickly adapt to the unseen environment is achieved
through a simple covariate shift correction model. Although it has
a good effect at present, there is still a lot of space for improvement.
Future work can explore how to better improve the adaptability of
meta-learning models.

6 RELATEDWORK

Database tuning. Currently, research on automatic database con-
figuration tuning using machine learning can be divided into meth-
ods based on Bayesian Optimization (BO) and methods based on
Reinforcement Learning (RL). The methods based on BO use previ-
ous observations to optimize iterations for fewer objective function
evaluations and ease knob tuning effort. iTuned [15] uses statistics
to determine which knobs are important based on their correlation
with performance. It adopts BO for tuning for the first time. Ot-
terTune [45] utilizes Lasso to identify key knobs and match new
workloads with known ones. RelM [27] designed an experience-
driven white-box algorithm to accelerate BO to provide memory
allocation suggestions for distributed analysis engines. CGPTuner
[8] adopts the context BO to adapt to workload changes. TurBO [14]
combines adaptive pseudo-point mechanism with BO to reduce iter-
ations and handles sub-optimal configurations based on ensemble
learning and historical tuning experience. ResTune [52] adopts the
method of BO, aiming to optimize the resource utilization, through-
put and latency of the database system at the same time. Compared
with these works, CTuner adopts RL for tuning, which can make
full use of historical tuning experience and avoid the problem that
BO-based methods tend to slow down the reasoning speed [11].

Reinforcement Learning. RL is a learning mechanism that
learns how to map from state to action so as to maximize the
reward obtained. Traditional RL methods have difficulty solving
high-dimensional problems. Mnih et al. [31] proposed a DRL model
that combines RL and deep learning to tackle the challenge of
high-dimensional state and action spaces. CDBTune [50] is the first
to use DRL for database tuning via DDPG algorithm. QTune [29]
supports three tuning granularities and uses DDPG’s actor-critic
network to find the optimal configuration based on the current
and predicted database state. Dremel [54] uses an online bandit
model for configuration selection, supporting fast evaluation with
multi-fidelity and upper-confidence-bound sampling. Hunter [7]
is an online hybrid auto-tuning system for database. It combines
meta-heuristic algorithm and DRL, and also designs cloning and
parallelization scheme for fast tuning. Compared with these works,
CTuner considers the knobs and states of the operating system, and
designs causal inference algorithms to make full use of high-quality
samples to accelerate model convergence.

Transfer Learning. It is crucial to models in different hard-
ware or workload environments to maintain good performance.
It leads to the concept of transfer learning, which involves fine-
tuning or reusing pre-trained models for new tasks to accelerate
training and improve performance. Three transfer techniques in

configuration tuning, including workload mapping, learning work-
load embedding, and model ensemble, can enhance adaptability to
dynamic workloads [55]. For workload mapping, OtterTune [45]
and CGPTuner [8] create initial tuning models by identifying the
most similar historical workloads. For learning workload embedding,
Qtune [29] predicts database state changes based on workload char-
acteristics such as operator types and query costs. WATuning [18]
integrates reinforcement learning and attention neural networks
to capture workload characteristics and accelerate convergence
for new workloads. For model ensemble, ResTune [52] employs an
ensemble framework to combine historical knowledge, generating
a meta-learner for the target workload. DeepCAT [13] adapts to
new environments using knowledge transfer techniques based on
Progressive Neural Networks (PNN). Compared with these works,
CTuner innovatively combines reinforcement learning with meta-
learning for model transfer, leveraging historical experience to
abstract common patterns, thereby enabling rapid adaptation to
unseen environments.

7 CONCLUSION

In this paper, we propose a hybrid tuning system for NoSQL
databases named CTuner, which is designed to achieve efficient
and accurate configuration search. Initially, CTuner generates high-
quality training samples through HeSBO. Subsequently, we use the
random forest to filter these samples to keep only important knobs,
thereby reducing the complexity of the search space. Moreover, we
introduce causal inference into the improvement process of rein-
forcement learning strategies to search more efficiently in limited
training samples. Additionally, we combine meta-learning and RL
methods to enable CTuner to adapt to unseen environments more
quickly. To verify the performance of CTuner, we conduct experi-
ments using YCSB as a benchmark. Compared with the advanced
system, CTuner can find a better configuration at the same time
cost with throughput increase by 2.4%-27.4% and 95%-tail latency
decrease by 1.2%-13.2%.
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