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ABSTRACT

Log-Structured Merge (LSM) trees are used as the data structure of
choice for key-value stores supporting a wide variety of applica-
tions. A common challenge for LSM-based systems is tuning them
effectively, particularly as the complexity and number of tuning
knobs increase. Prior work relies on expert-created cost models
and expert-configured numerical solvers to produce high-quality
tunings; however, these methods do not address tuning multiple
instances at scale for various execution environments. On the other
hand, using iterative learning, such as Bayesian Optimization (BO),
relaxes the requirements for domain expertise and provides gener-
alizability; however, it comes at a high cost, as it involves learning
directly from database executions at deployment time. Furthermore,
both approaches struggle with categorical tuning knobs that create
a hard-to-navigate optimization space.

To address these challenges, we introduce AXE, a novel learned
LSM tuning paradigm that decomposes the tuning task into two
steps. First, AXE trains a learned cost model using existing per-
formance modeling or execution logs, acting as a surrogate cost
function in the tuning process. Second, AXE efficiently generates
arbitrarily many training samples for a learned tuner optimized to
identify high-performance tunings using the learned cost model
as its loss function. This task decomposition approach generalizes
well for tuning simple and complex LSM designs and requires no
retraining, allowing AXE to be used for tuning at scale. Compared
to BO, AXE recommends higher performing tunings than BO 71%
of the time while incurring 100X smaller tuning overhead. We fur-
ther show that AXE requires less domain knowledge to produce
optimal tunings than traditional expert-configured tuning pipelines.
Lastly, we compare AXE to both state-of-the-art machine learning
methods and analytical methods to show that AXE outperforms all
other LSM tuning baselines.
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Figure 1: Tunings from AXE perform as well as a domain-
expert configured optimizer (Opt*) while requiring consid-
erably less domain knowledge to operate. Compared to
Bayesian Optimization (BO) techniques for 10 and 100 it-

erations, AXE provides better tunings with less upfront cost.

1 INTRODUCTION

LSM Trees Are Widely Used. Due to their flexibility, efficient
ingestion, and competitive reads, Log-structured merge trees (LSM
trees) are a popular choice of data structure for key-value and rela-
tional data systems. For example, systems like MyRocks [41], Roc-
skDB [18], Apache Cassandra [6], LevelDB [21], DynamoDB [17],
and Apache AsterixDB [4] all utilize LSM trees. However, as the
complexity of modern applications continues to grow, the require-
ment to correctly tune LSM trees becomes a harder problem.
Tuning LSM Trees. The growing number of tuning knobs is re-
sponsible for the flexibility of LSM trees, but they come at the cost
of increased tuning complexity. Prior work traditionally relies ei-
ther on expert tuning [45] or on a combination of analytical cost
models and numerical solvers to select the appropriate value for
each tuning knob [14, 24]. While these methods can provide high-
performing tunings, they have several drawbacks. In particular,
developing a cost model and integrating it with a numerical solver
demands extensive domain knowledge; one must have a deep un-
derstanding of the system’s behavior for modeling and the inner
mechanics of the numerical solver to produce a valid configuration.
LSM Tuner Design Goals. Given the design complexity, the need
for massive deployment, and the ever-increasing execution logs,
we identify three key design goals for tuning LSM trees.

(G1) Decouple tuning effectiveness from domain expertise of the
LSM internals and the optimizer used.

To acquire high-quality tunings, one requires an accurate cost model
to use as the objective function in a numerical solver. However, de-
veloping an accurate cost model requires extensive domain knowl-
edge of the system, and using it as an objective function comes


https://doi.org/10.14778/3773731.3773735
https://github.com/BU-DiSC/proj_axe
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3773731.3773735
https://www.acm.org/publications/policies/artifact-review-and-badging-current

with additional constraints and an understanding of the numerical
solver. For example, numerical solvers may require the objective
to be continuous to produce optimal tunings, but LSM trees often
have tuning knobs with categorical or discrete values, which leads
to discontinuities in the cost model. Furthermore, selecting a poor
initial point from which the solver navigates the cost surface can
lead to low-quality solutions (details in §5). Therefore, our first
design goal is to build a tuning method that does not solely rely on
developing a cost model that fits an optimizer.

(G2) Tuning at Scale with Fast Time-To-Deploy.

To deploy multiple LSM tree instances across various applications —
each having a unique environment and workload - requires a tun-
ing method that can quickly provide high-performing tunings while
avoiding unnecessary deploy-time penalties. For example, iterative
tuning methods that leverage Bayesian Optimization (BO) can adapt
to new workloads [2, 30]; however, to recommend high-performing
tunings, they require multiple workload executions before deploy-
ment to receive feedback. This is particularly problematic when
a workload has not been previously encountered. Therefore, our
second design goal is to develop a method that adapts to unseen
workloads without paying any deploy-time penalties.

(G3) Leverage past execution examples.

Lastly, every new LSM configuration deployed and workload exe-
cuted is a valuable data point that can be used to improve future
tuning recommendations. Therefore, our third design goal is to
efficiently incorporate new examples into an offline tuning process
without expensive retesting or replaying of workload traces.
AXE: A Task Composition Approach to Tuning. With these
design goals in mind, we propose AXE, an LSM tuning strategy
that generalizes across multiple environments and efficiently rec-
ommends high-performance configurations. Leveraging recent de-
velopments in neural networks and discrete optimization [29, 36],
we decouple cost estimation from cost minimization by training
different neural networks for each task. The first neural network,
termed learned cost model, specializes in estimating the cost of ex-
ecuting a workload on a particular LSM configuration. The latter,
termed learned tuner, is trained to recommend the best tuning that
minimizes the cost for a specific workload. Figure 1 shows the
performance of various tunings from different techniques. AXE
recommends tunings with comparable performance to an expertly
developed cost model optimized with an expert set-up numerical
solver. Compared to iterative online BO-based methods, the of-
fline nature of AXE requires virtually zero upfront exploration cost,
thereby striking a favorable performance and usability tradeoff.
AXE Achieves Our Design Goals. Conventional tuning strategies
that employ a unified learning approach require a large dataset of
optimal tuning examples covering various scenarios to learn how
to identify optimal tunings. This implies that any dataset we use
for a single neural network approach must contain examples of
optimal LSM configurations for various workloads. Compared to
this approach, our learned cost model estimates the cost of exe-
cuting a workload on any arbitrary tuning, optimal or not. This
enables us to learn from any historical execution logs, both elim-
inating the need for a domain expert that would provide optimal
tunings, and allowing us to leverage any past example regardless of
the measured performance. AXE then uses this learned cost model
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Figure 2: An LSM tree in the KLSM design space. K; corre-
sponds to the maximum number of sorted runs at Level i.

as the primary way to give feedback to the learned tuner. During
the offline training phase, every recommendation from the learned
tuner is evaluated using the learned cost model, which bypasses
any expensive database executions. This allows AXE to effectively
generalize to environments that may not be represented in histor-
ical logs without resorting to online testing. Lastly, because the
tuner is trained offline, AXE enables tuning at scale by providing
high-performing LSM tunings instantaneously for any workload.
Contributions. Our work presents the first neural network-based
task decomposition strategy for tuning LSM trees. We summarize
our technical and practical contributions as follows:

We identify the key challenges and design goals of the current
state-of-the-art for automatic LSM tuning (§3).

We introduce an offline task decomposition approach to the
LSM tuning problem called AXE. Our algorithm is generalizable
and easy to implement as it can learn from historical data or a
predefined cost model to recommend near-optimal tunings (§4).

We demonstrate that AXE lessens the need for domain expertise
to configure a tuning pipeline that produces high-performing
tunings. Compared to an out-of-the-box optimizer, AXE recom-
mends tunings that perform up to 75% better, and compared to
a domain expert configured tuning pipeline, 88% of the tunings
are within 10% of the cost (§5.1 and §5.2).

We evaluate AXE against analytical and ML-based SOTA LSM
tuning approaches to show that, on average, AXE recommends
tunings that outperform all other baselines. We verify these
findings both analytically and with RocksDB experiments (§5.3).

We analyze the generalizability of AXE to extend to different
design spaces and demonstrate AXE scales with the number and
complexity of tuning knobs. While comparing AXE to online
BO-based methods, we scale down the search space in favor of
BO and allow it to run 100 expensive known workload execu-
tions. Further, we show that the cost to produce a tuning from
AXE is negligible. On average, to search for a tuning that per-
forms 10% better, BO pays a 100x overhead cost for its iterative
observations. We show that AXE, even if not exposed to these
specific workloads, still outperforms BO 71% of the times (§5.3).

2 PRELIMINARIES AND BACKGROUND

In this section, we provide the necessary background on LSM trees
and introduce the notation used for tuning.



2.1 LSM Basics

LSM trees [43] are key-value data structures that use an out-of-place
ingestion paradigm. Operations modifying the tree are initially
stored in memory in a write buffer of size myys holding entries
of fixed size E. Once the buffer is full, it is sorted and flushed
to secondary storage as an immutable sorted run. On secondary
storage, sorted runs form logical levels growing exponentially in
size, controlled by a tunable parameter size-ratio, denoted as T.
Compactions. We label logical levels as Level i, with Level 0 as
the memory buffer; subsequent levels on the secondary storage are
denoted as Level 1 to L. Each level holds (T — 1) sorted runs, exceed-
ing which triggers an operation called a compaction. The two classic
compaction strategies are Leveling and Tiering. In Leveling [43],
incoming sorted runs from Level i — 1 are eagerly sort-merged with
Level i. Once Level i receives T sorted runs, it flushes them to Level
i + 1. Tiering lazily merges sorted runs and performs a full merge
and flush to Level i +1 only when Level i accumulates all runs. Only
the most recent valid entry is kept during these compactions; any
older entries are overwritten with the newer data.

Hybrid Compaction Policies. Between Leveling and Tiering,
there is a continuum of hybrid compaction policies that expose
tuning knobs to navigate the design space. We use the KLSM model
to describe these hybrid policies, where each Level i has a sorted run
capacity, denoted by Kj, that ranges from 1 to T —1 [24, 42]. The total
amount of data per level remains the same as in classic strategies,
but the sorted run sizes change depending on the level capacity.
Thus, we describe Leveling (K; = 1 for all i), Tiering (K; = T — 1 for
all i), and hybrid compaction policies such as the FluidLSM, where
the first L — 1 levels have the same capacity K; = Kj fori <L -1,
and the last level is assigned a different capacity [16].
Operations. LSM trees support three basic operation types: point
queries, insertions, and range queries. A Point Query starts at the
buffer and continues through each subsequent level, from Level 1
to Level L. At each level, the query begins with the most recent
sorted run and ends with the oldest. If the query finds a matching
key, it terminates and returns the result. Insertions are immediately
appended to the in-memory write buffer. Every insertion includes
either a key-value pair to indicate a write, an existing key to signify
an update, or a unique value to denote a deletion. Range queries
first scan the buffer and then traverse the remaining sorted runs
on disk to find potential matches.

Optimizing Reads. Traditional LSM trees assign the same false
positive rates to Bloom filters at every level, leading to inefficient
memory usage and redundant disk accesses during read operations.
Therefore, we use the schema in Monkey [14] where each Bloom Fil-
ter is optimally allocated the correct amount of memory by setting
the false positive rates proportional to run sizes.

High Impact Tuning Knobs. LSM trees expose multiple tuning
knobs that must be configured appropriately by the user for op-
timal performance. Prior work demonstrates an often non-linear
relationship between these knobs and system performance [14, 24,
39, 47, 59]. From these works, we identify size ratio (T), balanc-
ing memory allocation between Bloom Filters (mgy;) and the write
buffer (mpy¢r), and choice of compaction policy as significant con-
tributors to LSM performance. For compaction policy, we either use
a classic strategy (Tiering or Leveling), the FluidLSM design space,
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Table 1: Summary of cost model notation.

Term  Definition

E Size of a key-value entry

B Number of entries that fit in a page

N Total number of entries

H Total memory budget

Mpuft Memory allocated for the write buffer

megi Memory allocated for the Bloom Filters

T Size ratio between consecutive levels

L(T) Number of levels to fill a tree with size ratio T
Ng(T)  Number of entries to fill a tree with size ratio T

K; The maximum number of overlapping files for level i
fi(T) Bloom filter false positive rate at level i with size ratio T
fa Read/write asymmetry ratio for storage device

feeq Cost of a sequential read w.r.t. a random read

SRO Range query selectivity

or the KLSM design space. If we select 7 = KLSM, we additionally
must decide on values for K;. Similarly, for 7 = FluidLSM, we must
select the capacity for the first L — 1 levels and the last level. Putting
everything together, we define an LSM tuning as follows.

DEFINITION 1 (TUNING). Let ¢ be a set of values associated with
the identified high-impact tuning knobs (mgyg, myuse, T, 7), where 7t
is the choice of compaction policy.

2.2 Cost Model

We use the state-of-the-art cost model for LSM trees, as defined
in prior work, which is shown to accurately capture the estimated
I/Os per query as we vary tunings and workloads [24].
Empty Point Query Cost (Z)). A point query that returns an
empty result will have visited all sorted runs on every level and
issue an I/O for every false positive result from the Bloom filters.
Therefore, the expected number of I/Os per level depends on the
Bloom filter memory allocation at that level, where each level has
at most K; runs with equal false positive rates.
Non-empty Point Query Cost (Z;). The non-empty point query
cost consists of two cost components: first, the cost of finding
the result at Level i, which is proportional to the size of the level.
(T-1)-T*'  mpuy
Ny (T) E °
the number of entries in a full tree up to L(T) levels. Secondly, it
depends on the chance of a failed I/O at preceding levels due to false
positive results of Bloom Filter given by Z;:% fi(T) and additional

I/Os to account for the entry being found in the middle of the run

This is calculated by where N¢(T) represents

on average given by @ - fi(T).

Range Query Cost (Q). Range queries in LSM trees involve merg-
ing valid entries across multiple sorted runs per level. Each leg of
the range query performs a multi-way merge between the runs
to produce a single sorted output. At each level, there are at most
K; disk seeks that correspond to the capacity of sorted runs. Once
the initial disk seeks are completed, the remaining accesses are
sequential. The cumulative number of pages scanned is given by
SRQ %, where Sgo is the selectivity of the range query. After the
initial seek, sequential I/O scans are used for subsequent pages and



Table 2: Summary of the key cost functions for Log-Structured Merge (LSM) tree operations. [24] These cost functions estimate
the average number of I/O associated with each operation type.

Operation Formula Description

31;1321 Point W) Zo(p) =3 le(lr) Ki - fi(T) I]:Diip;errsliecrrlz (S)Snlfea‘}:spositive rates of Bloom
Poins Query (@ Z2(0) = ST IR et (1 gt i+ 52 ) o e e et e
S a0 a0 o
Write @ Up) = frog 5 - 21D T fons, consering sead write sty

are scaled by fseq to reflect the cost difference between sequential
and random I/Os.

Write Cost (U). We model writes under a worst-case scenario in
which incoming entries propagate through all levels of the LSM tree
without overlapping. We estimate the total write cost by calculating
the average number of merge operations a write participates in at

each level. At a single level i, a flush from the previous level i — 1
T-1+K;
2K;
eager merges and full-level compactions. The total write cost is

calculated by summing the average merge costs across levels and
dividing by number of entries per page B, adjusted for read/write
asymmetry f; and the sequential I/O cost fseq.

participates in an average of merges and accounts for both

Calculating Cost. To calculate the total cost, we represent a work-
load as the distribution over operation types.

DEFINITION 2 (WORKLOAD). Let w = (zo, z1, q, u), where 2y, z1,
q, and u are the percentage of empty point queries, non-empty point
queries, range queries, and writes, respectively.

Additionally, we define a set of system parameters

DEFINITION 3 (SysTEM). LetS = (E, B, H, N, fa, fseq) be a set of
system parameters and S be the set of all possible systems.

Note that Table 1 contains the description of each variable. Then,
the total cost parameterized by a set of system parameters is simply
the weighted sum across each operation or

Cs(w, @) =20 Zo(@) +z1 - Z1(9) +q- Q@) +u-U(p). (5

We also refer to each component of the cost function by its respec-
tive operation subscripts; for example, for empty reads, the cost is

Czy = 20 - Zo(9).

3 PROBLEM DEFINITION

In this section, we formalize the LSM tuning problem and describe
its associated challenges.

3.1 The Tuning Problem

When managing LSM tree instances, database administrators are
tasked with determining the optimal configuration for a specific
workload to minimize costs (e.g., latency or cloud costs). We denote
the problem as the TUNING PROBLEM, which we formally define as
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PROBLEM 1 (TUNING PROBLEM). Let @ be the set of all potential
LSM configurations. Given a specific workload w € ‘W, and a cost
C: W X ® — R, find the LSM tree tuning ¢* such that

¢* = argmin Cs(w, ¢) (©)

Qed

When solving Problem 1, we denote the minimum cost by C*.

3.2 Challenges

Given the complex design space of LSM trees, there are various
challenges in solving Problem 1 for all possible workloads. We focus
on some significant challenges in the offline setting, specifically, the
calculation of cost C(w, ¢), efficiently navigating the tuning knobs
space, and alleviating the need for expert domain knowledge.
Calculating Cost. When calculating the cost of a workload ex-
ecuted on a configuration, Cs(w, ¢), we often have two choices:
either run the workload on a deployed database with the respective
configuration and wait for the result, or proxy the execution by
using a model to estimate the cost. In the first case, executing on a
physical database is expensive, as we must wait for the total execu-
tion time to observe the cost. Additionally, if we change a tuning
knob that changes the internal layout of data, we are required to
rebuild the database after each change. For example, to calculate the
cost between two configurations with differing size ratios, we must
build both LSM instances before executing a workload so that the
underlying files respect each size ratio. If all tested configurations
are suitable, this may not be too prohibitive; however, if we are
required to deploy a slow configuration during the tuning process,
we pay a significant penalty waiting for each execution to finish.
Instead, an analytical cost model allows for constant time es-
timates of the cost. The key challenge is creating the cost model,
which requires a designer to have intimate knowledge of the data-
base system mechanics [28, 51]. This leads to an excess of man-hours
spent modeling the system before we can use the cost model to
tune it, and this process must be repeated if it introduces new fea-
tures or tuning knobs. Additionally, cost models may be inaccurate
because they are estimates. This can partially be attributed to the dif-
ficulty of capturing the intricate relationships among sets of tuning
knobs. The inherent approximations in cost models may translate
to suboptimal or even problematic configuration recommendations.
Tuning Knobs with Categorical Values. As some knobs take
on categorical values, the LSM tuning problem is classified as a



mixed integer optimization problem, which is NP-hard [8]. There-
fore, when using an optimizer, designers typically approximate
categorical values using a continuous space to solve an easier con-
strained optimization problem [14, 16, 23, 24, 34]. The solution is
then rounded off to create a feasible tuning; however, this introduces
errors in the optimization process and can trap the optimizer in lo-
cal minima, leading to suboptimal tunings. This error only increases
as the number of categorical decision variables increases [46].
Requiring Dual Domain Expertise. To work around the chal-
lenges of cost calculation and categorical tuning knobs, a designer
must have a deep understanding of both the system and the op-
timizer. Understanding the system is necessary to create the cost
model, which must also satisfy any requirements imposed by the
optimizer. For example, optimizers often only produce feasible so-
lutions if the objective function is continuous, however, categorical
tuning knobs inevitably introduce discontinuities when modeling
system behavior. Therefore, the designer must understand the un-
derlying algorithms used in the optimizer to adjust the cost model
appropriately to produce optimal tunings.

3.3 Defining a Strategy

Note that the TUNING PROBLEM is expressed as a problem for a
single database instance executing one specific workload; however,
database administrators are often responsible for multiple different
database instances serving a variety of applications. Therefore, it
would be advantageous to have a reusable strategy that recom-
mends optimal configurations for all possible workloads. We refer
to this strategy as a tuner, which we define as follows:

DEFINITION 4 (TUNER). A tuner is a functiong : W xS — @
that recommends a configuration based on a given environment or
workload-system pair.

Designers often use different strategies to create a feasible tuner
that recommends near-optimal tunings. For example, with access
to performance logs of historical workloads across various data-
base configurations, we may choose to train a single tuner neural
network using these historical traces. However, to train a network
that recommends near-optimal tunings, we require examples with
optimal configurations for each workload. In such a case, it is infea-
sible and expensive to create a sufficiently large dataset capable of
training a network by relying on domain experts. Another common
technique is creating a feedback loop using Bayesian Optimization
(BO), where a model suggests a tuning to deploy, and iteratively re-
fines the recommendation based on observed performance metrics.
However, such an iterative method adds additional upfront costs to
explore the design space. We have explained how building a tuner
is particularly challenging; next, we discuss our approach.

4 AXE: ALEARNED TUNER

In this section, we introduce our approach and the architecture
of AXE, a dual neural network solution for creating a tuner that
recommends near-optimal tunings for any workload.
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Figure 3: Training loop for a single neural network approach.
This approach requires a differentiable cost function and a
training dataset consisting only of optimal tunings.

4.1 The Learning Approach

Challenges Training a Single Neural Network. Suppose we
wish to train a single neural network to take as input a workload-
system (w, S) pair and output a tuning ¢. In a supervised learning
setting, our loss function calculates the difference between the cost
of our network’s recommended tuning and the optimal tuning. Let
g(w, S; 0;) be the function representing a neural network where 0;
denotes the weights and biases of our learned tuner and D be the
dataset with tuples of workloads, system parameters, tunings, and
their associated cost, (w, S, ¢, C). Then, the tuner loss function is

)

L0 = (wsEj~z> [lICs(w, g(w. S;6:)) = C*l]

g

where we can select any L, norm. Although this loss formulation
is common practice in supervised learning, several issues make it
infeasible for our problem.

Obtaining the Correct Data: Firstly, dataset D is not guaranteed
to contain optimal tunings for each workload; therefore, we must
calculate C* for each example. Secondly, calculating C* is an opti-
mization version of the decision problem — Problem 1 (finding a min
vs. arg min); they are equivalent problems. This implies we must
solve Problem 1 for each unique (w, S) pair to create an appropriate
dataset — an infeasible task. Figure 3 shows a block diagram of the
necessary training framework and highlights the issue of requiring
us to find C* to train a single neural network.

Cost Constraints: Since we wish to train the neural network using
the backpropagation algorithm, the cost function must be differen-
tiable and continuous [7, 20] - a challenging task when modeling
discrete decision variables in the cost function. For a neural net-
work to output a discrete value, such as size ratio, we must use a
softmax output layer [32]. The softmax layer outputs a probabil-
ity distribution, with the highest probability corresponding to the
predicted size ratio; however, to compute our tuning cost with this
size ratio, we must convert the probability distribution to either a
one-hot encoded representation or a discrete numerical value. This
conversion can only be done using arg max, an operator that is not
differentiable [29, 40]. As many of the standard LSM tuning knobs,



such as size ratio, take on discrete values, this further illustrates
the difficulties of a single neural network approach.

Avoiding Calculation of C*. Instead, we look at an unsupervised
learning setting where our loss function is simply the cost of exe-
cuting the recommended tuning by our neural network,

B

L7(0,) = (w,éE);~D [Cs(w,g(w,$;01))]
Because we minimize this loss during the training process, the
resulting neural network is designed to recommend the optimal
configuration for any given (w, S), effectively solving Problem 1.
While this alleviates the issue of our dataset needing examples of
optimal configurations, we still face the same fundamental prob-
lems with this approach. Categorical values represented by one-hot
encoded vectors still require special consideration to satisfy the
differentiability requirement without using the arg max operator,
and we still need a differentiable cost calculation.

®

Splitting the Problem. To solve the above issues, we decompose
the problem into two tasks: (i) finding a differentiable and continu-
ous surrogate cost function and (ii) using a gradient-based method
to optimize the surrogate function. Figure 4 shows the overall ar-
chitecture of our dual neural network approach. The first neural
network acts as our surrogate for a differentiable and continuous
cost function that accepts discrete encoded representations of cat-
egorical values as inputs. This network allows for constant-time
estimations of the performance of any LSM tuning on a workload.
The second network assumes the role of a tuner that recommends
cost-minimizing configurations across the space of heterogeneous
tuning knobs.

Finding a Surrogate Cost. We use a neural network that takes
the same inputs and outputs the same values as the cost model.
Let f(w,S, ¢;0.) be the function representing a neural network,
where 6. denotes the weights and biases of the learned cost model.
The loss function is the difference between the estimated cost of a
workload-configuration-system tuple and the actual cost,

c(0.) = E Cc— 0.5:0,
Lol (wS..0)~D [1IC = f(w. 0. 5: 6011 ]

©

Figure 4a shows the training framework for the learned cost model.
We refer to this surrogate function as the learned cost model for the
remainder of this paper. The cost calculation in Equation (5) con-
tains four components: the non-empty read, empty read, range read,
and write cost. For our implementation, the learned cost model uses
a multi-headed architecture to estimate the cost of each component
separately. Therefore, we modify the loss function to be the summa-
tion of the differences of each component. Training a model with
this loss yields a learned cost model, f, that can replace the cost
calculation, C, for the learned tuner, while being differentiable. This
addresses issues highlighted in the single neural network approach,
allowing us to utilize gradient methods to find an optimal tuning.
Rewriting Tuner Loss. With a differentiable and continuous sur-
rogate cost function f, we replace the cost calculation in Equation 8
to formulate a feasible loss function,

Li(6r) = (w Lf (w. S, g(w, S;6:); 6c)]
Note that we sample (w, S) from the same dataset D as the loss
calculation only requires the workload and system. Figure 4b shows

E 10
o (10)
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Figure 4: The model architectures for (a) the learned cost
model and (b) the learned tuner. We pass the differentiable
operators of the learned cost model to the learned tuner to
calculate tuning performance.

the training framework. The learned tuner recommends a tuning
that is passed to the learned cost model f alongside the original
workload-system tuple to calculate the cost to be minimized. We
can train a tuner using this loss function, as the learned cost model
neural network represents a continuous and differentiable universal
approximator of an unknown nonlinear cost function. We refer to
this model as a learned tuner for the remainder of this paper.

4.2 Learned Cost Model

Algorithm 1: Training Learned Cost Model

Input: Learned cost model architecture f, dataset Dcogt,
learning rate 7., number of epochs N,
Output: Learned cost model weights and biases 0,
Randomly initialize all weights and biases 6
fore=10toN,
Partition Dcogt into batches, denoted by S

4 for each b € j

5 Lo — ﬁ Y (ws.pC)eb (C— f(,S,0:60))
6 Oc <_QC_TYC'VHCLC

7 return 6,

Data and Training. To train the learned cost model, we use a
dataset with tuples of workloads, system parameters, LSM tunings,
and their respective performance (w, S, ¢, C(w, ¢)) which we refer
to as Dcost. These tuples may either be sourced from real-world



historical traces or generated from a user-defined analytical cost
model that may not meet the criteria of being differentiable and
continuous. For example, a cloud vendor that offers databases as a
service may quickly obtain the dataset by monitoring their deployed
instances. However, we do not have access to historical traces from
large-scale deployed databases. Creating the dataset from scratch
presents challenges, as most knobs will alter the underlying data
layout in LSM-based data systems. For example, when testing two
LSM configurations with differing size ratios T; and T, a snapshot
of the database for T; could never be used to test the other, as the
structure of the tree would be invalid w.r.t. size ratio T5. Instead,
we must rebuild the database with the size ratio set to T, before
testing any workload. In most instances, the cost of rebuilding the
database is significantly greater than executing the workload.
Therefore, we generate wcost With random workloads, system
parameters, and tuning knob values, then leverage the analytical
cost model defined in Section 2 to compute cost as it accurately
captures the average I/Os per query for LSM trees. Workloads
are sampled uniformly at random, while the system and tuning
knob values are sampled within a predefined range of common
parameters. For example, page sizes range from 2KB-16KB as they
are standard for most systems. The training follows Algorithm 1,
where each epoch is a pass over the entire dataset. Additionally,
we leverage techniques such as minibatch gradient descent to train
over a dataset that does not fit in memory [20].
Neural Network Architecture. Figure 4a shows the overall ar-
chitecture of the learned cost model. () We first separate the cate-
gorical variables, such as size ratio, from the continuous variables.
(@ All categorical values are one hot encoded and passed through
(3 an embedding layer. Note that we use a dedicated embedding
layer for each individual categorical tuning knob. For example, in a
KLSM design space, the model has a different embedding layer for
each value of Kj, corresponding to each level i, alongside a separate
embedding for size ratio T. @ We then concatenate the outputs
of the embedding layers with the continuous variables from the
original input. We pass the now embedded feature vector through
(® a decision layer, which divides the output (6 into four output
heads, each representing the estimated cost of a component. (7)
Finally, the loss is calculated as the difference between the esti-
mated cost components and the cost components calculated from
the analytical cost model defined in Section 2, which allows us to
backpropagate gradients of the loss to update weights and biases.

4.3 Learned Tuner

Data and Training. The learned tuner takes as input a workload
and additional system parameters and outputs a tuning for which
we evaluate the performance with the previously trained learned
cost model. Therefore, our dataset, Dryper, is composed of tuples of
generated workloads and system parameters (w, S). Note that these
workload-system parameter pairs are not necessarily the same ones
seen in Dcogt; instead, we can augment the dataset by artificially
generating a large number of workload-system pairs. Because the
dataset does not rely on calculating a cost, we can scale its size up
or down depending on the desired training budget (i.e., compute
or time constraint). For training, we follow Algorithm 2 where we
provide a pre-trained learned cost model to calculate the loss L;.
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Algorithm 2: Training Learned Tuner

Input: Learned tuner architecture g, learned cost model f
and its weights 0., dataset Dryper, learning rate n;,
number of epochs Ne

Output: Weights and biases 0,

Randomly initialize all weights and biases 0;

fore=10toN,

Partition Dyper into batches, denoted by f

-

[T N

4 for eachb € f8

5 Ly« |—é‘ : Z(W,S)ebf(w,s,g(W,S; 61); 0c)
6 9t<—9t—’7t've,'£t

7 return 6;

Architecture. Figure 4b shows the architecture of the learned tuner
portion of AXE during training. The input is first passed through
a (D normalization layer to account for different scaling of values.
Next, (2) the output of the feed-forward network is redirected to
®, a series of decision layers with outputs corresponding to each
tuning knob. The decision layers that correspond to a categorical
tuning knob output the logits vector that is passed through a @
Reinmax operator to encode a discrete valued output [36]. This
allows the network to represent categorical tuning knobs as discrete
values while still enabling optimization via the backpropagation
algorithm, as the Reinmax operator is differentiable. Using the
output decisions, the tuning knob settings are (3) concatenated and
passed on to (® the learned cost model to be evaluated. The )
feedback serves as the loss for our learned tuner to know which
tuning knobs decrease the estimated total cost!.

4.4 Why Split the Tuning Process

By splitting the tuning process, we replace a complex problem with
two simpler problems, the benefits of which we discuss below.

(@ Decoupling Tuning Prediction from Cost Estimation. By
specializing each neural network to a specific task — cost prediction
and tuning optimization - each network requires fewer learned pa-
rameters (weights and biases) and fewer samples to train effectively.
The learned cost model only models the relationship between the
inputs (w, S, ¢) and the cost C and is not concerned with finding an
optimal tuning. On the other hand, the learned tuner does not need
to estimate an accurate cost; instead, it recommends the tuning
knob values that lead to a lower predicted cost.

@ Generalizability. Similarly, while we require fewer samples to
train effectively, our method allows us to train a tuner on a broader
range of scenarios. To train a single neural network, the training
data must contain workload-system pairs with a corresponding
optimal cost C*; this implies we must solve the tuning problem
before training a single neural network, as discussed in § 4.1. In
contrast, our method uses any data points from historical execu-
tions, including instances with poor performance, as it enables the
learned cost model to learn low-performance neighborhoods of the
cost surface.

!Note that the one-hot operator in the learned cost model (®) is non-differentiable.
Therefore, we bypass the one-hot operator from Figure 4 while evaluating a tuning
from the learned tuner to facilitate training using the backpropagation algorithm.



(3@ Data Augmentation. In AXE, we create a guided feedback
loop between the cost model and the tuner, where the cost model
evaluates the learned tuner’s predicted tuning. With the learned
cost model, we can explore regions of the parameter space with
lower costs that may not be represented in the original training
data. Therefore, the learned tuner’s dataset can be augmented with
generated examples of workload-system pairs that are not neces-
sarily a part of the original training data. This approach provides
faster convergence to a better performance.
@ Mitigating Error Propagation. In a single neural network
approach, potential errors in the cost estimation directly affect the
ability to generate optimal tunings. In contrast, task decomposition
allows a designer to mitigate potential errors at two levels (learned
tuner and learned cost model). For example, a learned cost model
does not need to accurately estimate costs in low-performance
neighborhoods of the cost surface; instead, it can focus on only
accurately modeling high-performance neighborhoods. Similarly, a
learned tuner does not need to accurately model tunings that corre-
spond to high estimated costs, reducing its decision space. Errors in
the cost estimation may still affect the downstream tuning output;
however, we can fine-tune each model individually to mitigate its
errors, leading to more robust performance in the overall task.
(® Iterative Development. The separation of tasks allows us to
iteratively improve both models independently of one another as
additional observations from a deployed database become available,
including those with low performance. This iterative approach to
performance improvements leads to more efficient use of newly
available training data to fine-tune existing models, unlike a sin-
gle neural network-based approach that can only utilize optimal
performance observations and requires end-to-end retraining.
Thus, the task decomposition of the tuning problem into multiple
learning problems achieves our original design goals. It allows us
to make more targeted improvements, (G1) eliminates the need for
a domain expert by learning from past executions, (G2) enables us
to tune at scale as our neural networks provide tunings in constant
time at deployment, and (G3) can effectively use new training data
from a dynamic environment where databases are deployed.

5 EVALUATION

In this section, we analyze AXE’s ability to learn the database’s cost
surface and evaluate the quality of tunings under various scenarios,
showing that AXE performs as well as a domain-expert-configured
tuning pipeline. We demonstrate that our Learned Cost Models
can accurately capture LSM performance (§5.1), and the Learned
Tuner can match the quality of an expertly-tuned analytical solver
with an accurate cost model (§5.2). We then show that AXE can
successfully replace and often improve upon SOTA LSM tuning
methods (§5.3), by comparing three approaches: an offline analytical
one (Monkey [14]), an online ML-based approach (CAMAL [54]),
and an online Bayesian Optimization-based baseline inspired by
recent research [3]. Lastly, we analyze the generalizability of AXE
and present evidence that it scales with the number of tuning knobs,
compared to other data-driven methods.

Methodology. Our server is equipped with a 13th Gen Intel Core i9-
13900KF processor, 128 GB of RAM, and a 20 GB NVIDIA RTX 4000
Ada Generation graphics card, running Ubuntu 22.04.4 LTS. We use
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Figure 5: The performance of the learned cost model of
AXE. The probability density shows 99% of cost estimates
are within a 10% band of normalized cost difference. Points
outside this 10% band are sparsely distributed across the space
of potential workloads.

Python 3.11 with PyTorch version 2.1. We use the Machine Learning
Optimization Service (MLOS) library version 0.6.0 by Microsoft as
the BO baseline implementation, as it is primarily used to tune
relational database management systems [13, 19, 30, 31]. We utilize
a fork of RocksDB [18] where we implement the KLSM compaction
strategy [24, 35] and allocate bloom filter memory based on the
Monkey schema [14, 15] as it improves performance.

5.1 Learned Cost Model Performance

Normalized Cost Difference. To evaluate the learned cost model’s
performance, we measure the normalized difference in the esti-
mated cost to the true cost as,

c-C
A(Cp, C) = M

c (11)

where Cys is the cost estimated by the learned cost model. We
express the normalized cost difference as a percentage.

Training and Setup. We use a dataset with | Do | = 10° tuples
to train the cost model. This dataset is split such that 90% of the
data is used for training and 10% is used for validation. For the
loss function, we use the mean-squared error — square of the Ly
norm of Equation 9. We use embedding layers with an output
size of 8, and the decision block is a feed-forward network with
3 hidden layers, each with a width of 64. This results in a learned
cost model with 29,000 parameters, or 0.12MB of space. We use the
Adam optimizer with a starting learning rate of 10~3. For faster
convergence, we adjust the learning rate at each epoch according
to the cosine annealing schedule, as implemented in PyTorch [37].
We reserve 5000 unseen examples (w, S, ¢, C) & Dcogt for testing
purposes. For brevity, we only present results for the most complex
and challenging design space, namely KLSM.

Using Learned Cost Model as a Surrogate. Figure 5a shows
the magnitude of loss through the training duration and the his-
togram of normalized cost difference over the test suite of un-
seen examples. We observe that 99% of the cost estimates from the
learned cost model are within a 10% normalized cost difference
(-10% < A(Cp1,C) < 10%). Figure 5b visualizes this performance
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Figure 6: The performance of the learned tuner in AXE. Over
838% of the tunings provided by AXE are within a 10% perfor-
mance band from our domain expert configured optimizer.

band over potential workloads?. We observe that the learned cost
model performs well across all contexts, with a minority of exam-
ples outside the 10% performance band.

5.2 Learned Tuner Performance

Normalized Performance Difference. We compare two tunings
@1 and @3 using the normalized difference between their perfor-
mance while executing a single workload as follows,
Cs(w, ¢2) — Cs(w, ¢1)

Cs(w, ¢2)
Values of Y(w, ¢1, ¢2) > 0 implies ¢ performs better than ¢s.

(12)

Y(W’ ?1, <ﬂz) =

Training and Setup. The learned tuner only requires a workload
w and a system S as inputs. Hence, we augment the dataset Dcogt
to create a larger |Druner| of size 107 using additional examples
obtained by sampling tuples of (w, S) at random. Similar to the
learned cost model, the dataset is split such that 90% is used for
training and 10% is used for validation. The neural network consists
of a feed-forward block with two hidden layers, each of size 64
neurons with a ReLU activation function. Each tuning knob decision
layer is a fully connected layer. This results in a learned tuner with
65,268 parameters, a size of 0.26MB. We use the Adam optimizer
with an initial learning rate of 1073 with the cosine annealing
scheduler. We set aside 5000 unseen examples (w, S) ¢ Dryner for
testing purposes. For brevity, we present results only for KLSM;
however, our findings generalize to other design spaces.

Creating an Expensive Baseline. To evaluate the performance of
AXE tunings against a benchmark, we manually configure an opti-
mizer in conjunction with the cost function to obtain high-quality
tunings for each of the 5000 testing examples, referred to as the
domain expert configured optimizer (DECO). This process requires
significant manual configuration and tweaking; therefore, it is not
scalable to larger datasets. We use the Sequential Least Squares
Programming (SLSQP) algorithm in SciPy as an optimizer and ap-
proximate categorical tuning knobs by using continuous values and
rounding them off to obtain a valid configuration. Additionally, we
leverage domain expertise to manually configure the optimizer’s

For ease of three-dimensional visualization, we combine empty and non-empty reads
on the “Point-Reads” axis. This causes the region of zo+2; = 0 to be sparsely populated.
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ary, we obtain the poorest-performing designs, which per-
form up to 6.2X worse than the optimal suggestions. While a
random initialization improves performance, a domain ex-
pert must configure the optimizer for optimal performance.
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Figure 8: Size ratio (T) decision for various workloads. Both
the learned tuner and the domain expert configured opti-
mizer select larger values of T when writes are less dominant.

initial starting points to be close to high-performance tunings. Fig-
ure 7a plots the cumulative distribution of the cost of recommended
designs for optimizers initialized with a starting point on the bound-
ary of the domain, a random point, and an optimized starting point.
We observe that the DECO performance is highly sensitive to such
hyperparameters. Without optimized starting points, the solver of-
ten gets trapped in local minima, resulting in tunings that perform
up to 6.2X slower. Furthermore, the starting conditions also affect
the solver’s time-to-solution, ranging from 1ms to several minutes.
AXE Performs On Par with a Domain Expert. When compared
to the DECO tunings, 88% of tunings recommended by AXE are
within a 10% performance band (Y(w, g(-),¢) < +10%) and 98%
are within 20% as shown in the histogram of Figure 6a. We observe
that for specific instances of the tuning problem, AXE recommends
tunings that outperform the SLSQP optimizer. As KLSM contains
numerous categorical tuning knobs (each K;), approximating dis-
crete values with continuous values results in the DECO suggesting
suboptimal tunings. We analyze the quality of AXE'’s selection
of size ratio in Figure 8, where we qualitatively verify that AXE
recommends correct size ratios across workloads. For example, as
the proportion of point-reads in a workload increases, both tuners
recommend lowering the size ratio.

5.3 End-to-end Evaluation of Tuning with AXE
We now show that AXE matches or outperforms SOTA LSM tuning.

Baselines. We compare AXE to three LSM tuning techniques: (1)
Monkey [15] models the worst-case number of I/Os for each po-
tential operation type while considering the classic compaction
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Figure 9: AXE recommends configurations that outperform all other baselines. For the tunings provided by BO after 100 rounds
of optimization for the KLSM design space with a given workload, AXE performs better than 92% of them. Note that the
suggestions from AXE, CAMAL, and Monkey in each graph are produced from a single model, while we must run a new instance
of BO for every workload. When we seed BO with 25 random samples, AXE still suggests better-performing tunings.

Table 3: Testing Suite of Representative Workloads

Expected Workloads
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49%
49%
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policies, Leveling and Tiering. Monkey is an offline method that
uses the Newton-Raphson method to navigate its cost model. (2)
CAMAL [54] uses an active learning paradigm that combines a cost
model, polynomial regression, and tree ensembles to prune the
search space of designs and learn the optimal tuning in an online
fashion, and only considers the classic LSM compaction policies
of Leveling and Tiering. (3) We develop a BO-based baseline by
adapting recent DBMS BO-based tuning approaches [2, 3]. Such
BO-based approaches are online methods for optimizing black-box
functions that are otherwise expensive to evaluate. The basic op-
timization loop is as follows: at the start of every iteration, BO
suggests a new LSM tuning to evaluate. Once the cost is calculated
or observed, the value is returned to the optimizer to improve future
suggestions. This process continues until a user-defined number of
rounds or resource budget (e.g., machine time) is met.

Workloads & Methodology. We test all tuning methods using a
set of workloads shown in Table 3, following prior work [23, 24, 54].
Each workload is categorized based on the dominant operation
types to observe trends in how tunings perform for each work-
load type. We run the BO tuning algorithm for 100 rounds on each
workload and repeat the same instance 100 times to measure BO’s
stochastic behavior. Note that we allow BO to run the same work-
load multiple times to find the optimal tuning, while AXE is not
optimized for that specific workload, further favoring BO. Addi-
tionally, we run these experiments across LSM design spaces of
increasing complexity, when applicable — the simplest being Tier-
ing or Leveling [14], followed by the FluidLSM design space [16],
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and the complex design space of KLSM [24], totaling over 7 million
evaluations. Because CAMAL and Monkey only consider the Tier-
ing and Leveling design space, we use their recommended classic
tuning when comparing performance.

AXE Outperforms All Baselines. Figure 9a shows the quality
of the tuning (cost of running each workload) recommended by
CAMAL, Monkey, AXE, and BO at each round. The line corre-
sponding to BO shows the average tuning performance over 100
different instances, with the band denoting the 95% confidence in-
terval. AXE recommends a tuning that performs better than all
other baselines for each workload, an observation that extends to
all fifteen workloads in Table 3. We observe that for read-intensive
workloads — those dominated by range scans or point queries — all
zero-overhead tuning methods produce competitive tunings. How-
ever, when writes are introduced in workload w7, Figure 9a shows
that AXE better navigates the LSM design space to recommend a
tuning that performs 2x better than CAMAL and 2.5X better than
Monkey. Compared to a BO-based method, AXE provides tunings
that perform better 92% of the time. When using BO, some initial
random evaluations are expected to seed the initial GP model. In
Figure 9b, we initialize the GP with 25 random instances, and we
demonstrate that even with random observations, AXE provides
better tuning than any other recommended tuning method.

AXE Provides Practical Benefits for RocksDB. To analyze
AXE’s performance on a physical database, we deploy our tun-
ings on a custom RocksDB instance where we implement the KLSM
compaction policy. For every workload, we build a database with the
respective tuning, load 5GB of data, and execute 100K operations
following each workload distribution. Figure 10 shows the perfor-
mance of each tuning method on a select number of workloads.
Note that when tuning BO, each round executes a smaller subset
of 1K operations that follows the distribution of the original work-
load; otherwise, the training cost would be orders of magnitude
higher than the execution time. We observe that AXE recommends
better-performing designs than all baselines in all workloads except
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Figure 10: Comparison of execution time for tunings de-
ployed on RocksDB for various baselines and AXE. Tunings
recommended based on the cost model translate to the same
performance on RocksDB.

w11, which is dominated by read operations. CAMAL and Monkey
provide better tunings as they target more bits per memory, while
keeping the runs larger than those of AXE. However, both AXE
and BO are navigating the larger design space of KSLM and, as
such, are solving a harder problem. When we compare BO and AXE,
we see that they are comparable in performance, differing by 10%,
however, AXE does not need to pay the additional online training
cost. Overall, AXE produces competitive tunings while requiring
no online training time compared to BO, and generally outperforms
the remaining baselines, particularly in terms of navigating a more
complex design space.
Analyzing the Generalizability of AXE. In the following ex-
periments, we analyze AXE’s ability to generalize across design
spaces and the associated cost. Here, we only compare AXE and
BO, as they are not reliant on the cost model and can be extended
to different design spaces by simply changing the training data. To
analyze the cost of producing a tuning, we first define a measure
that intuitively captures the cost of tuning. Because AXE is con-
figured offline and can be queried to recommend tunings without
additional overhead, no extra cost is incurred to produce a tun-
ing at deployment time. Comparatively, BO is an iterative process
that requires observations of the workload executions during each
recommended tuning; hence, we measure BO’s tuning efficiency
as a function of the cost of deploying a tuning, captured by the
cumulative regret Ry over £ rounds. Hence, the cost of executing a
workload using a tuning mainly affects the cumulative regret. We
evaluate BO using cumulative regret R?O over ¢ rounds, defined as
the difference between the cost of deploying an unknown optimal
tuning and the cost of deploying the BO suggestion at every round
i, or
4
RO = ) (Cs(w. 1) = Cs(w.0") (13)
i=1

Similarly, we measure the regret of AXE as the cost of deploying
the tuning versus the optimal cost. Note that AXE is not an iterative
method and therefore does not contain an online component. Once
trained, the cost of procuring the best tuning from AXE is negligible.
Therefore, the cumulative regret for AXE R?XE over £ rounds is

RME = Cg(w, paxe) — Cs(w, ¢*) (14)

where paxg is the tuning recommended by the learned tuner. We
use both notions of regret to measure the relative cost of obtaining
a tuning as the normalized expected cumulative delta regret

BO _
¢

Cs(w, aXE)

AXE
Rt’

E[AR/] =E (15)
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Table 4: On average, BO pays over 100X the overhead cost to
produce marginally better tunings in the KLSM design space,
and AXE performs better over the majority of rounds.

Type E[AR;] Y(w, @axe, ¢55) Y(W, @axE, ¢B0) > 0
Uniform 103 -0.1% 92%
Unimodal 106 -9% 53%
Bimodal 102 -5% 61%
Trimodal 102 -2% 74%

where we take the expectation over multiple runs to account for
the stochastic nature of BO. Intuitively, a positive value implies that
BO pays an upfront cost scaled to the cost of the tuning of AXE for
that tuning performance at round ¢.

AXE Pays No Penalty for Flexibility. In Table 4 we show the
expected normalized delta regret compared to the normalized per-
formance difference for the best tuning produced by BO compared
to AXE Y(w, AXE, ¢5) and the percentage of iterations where
AXE outperforms BO for varying workload types. We observe that,
on average, BO pays more than a 100X overhead cost to produce
marginally better-performing tunings.

BO Tuning Performance Varies. We posit that BO outperforms
AXE if it successively recommends tunings that outperform those
recommended by AXE in a set number of consecutive rounds. Let
1,//;7 be the event that by round i, BO has recommended p successive
tunings such that they outperform those recommended by AXE.
Figure 11a shows the empirical cumulative distribution function
(CDF) across multiple window sizes for the KLSM design space. We
observe that the tunings from BO are less stable than those from
AXE. As the window size increases, the probability that BO sug-
gests consecutive tunings that perform better than AXE decreases.
The online exploratory nature of GP continually tweaks suggested
tunings in anticipation of further performance improvements, accu-
mulating regret, thus requiring manual termination. In contrast, as
AXE is trained offline, fine-tuning for performance improvements
does not add additional regret.

AXE Scales With Tuning Knobs. Figure 11b shows the empirical
CDF for a window size p = 3 for each design space - classic (Tiering
vs Leveling), FluidLSM (last level, all levels above), and KLSM. BO
quickly learns higher-performing tunings in the classic LSM design
space, with 80% of runs recommending 3 better tunings by round
20. Similarly, BO effectively navigates the design space of FluidLSM;
however, in the more complex space of KLSM, the probability BO
outperforming AXE drops to 25% by round 20. This indicates that
AXE scales to a larger number of tuning knobs and the complexity
of the KLSM design space more effectively than BO.

6 DISCUSSION

Learning a Surrogate Cost Function is Easy. This work pro-
poses a new learned tuning paradigm that is lightweight, trainable
offline, and learns from historical data. We achieve this through a
task decomposition approach [49] that divides the tuning problem
into two subtasks: learning a surrogate cost model and navigating
the cost surface. Training the models occurs offline, where any
collected data points can be used, including analytical cost models
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or historical workload executions. This enables the learned cost
model to act as a surrogate for estimating execution cost.

Offline Task Decomposition Creates Better Tuners. Training
our learned tuner occurs offline, where the learned cost model fur-
ther augments its training dataset. The key benefit of training the
tuner offline is that it removes the requirement for expensive exper-
imentation at runtime (e.g., deploying and running a configuration);
instead, we sample points from the learned cost model. This process
requires significantly less domain knowledge than expertise-reliant
techniques. Additionally, once trained, the cost for AXE to provide
tuning suggestions is marginal compared to iterative techniques.
Weighing the Benefits of Retuning. For LSM tree-based storage
engines, deploying a tuning can be a costly process, as different
settings of high-impact knobs may fundamentally change the under-
lying data layout. For example, reducing the size ratio will require
compactions throughout the entire tree, or changing the bits-per-
element in the Bloom filters would require scanning the entire
dataset and creating new SST files. As a result, applying a new
tuning comes at a retuning cost which must be taken into account
as part of the retuning decision, which is partially done by recently
proposed online LSM tuning methods [54]. AXE is an offline solver
that assumes a static LSM design, which cannot continually morph
between tunings. However, changepoint detection [5] can be used
to detect workload shifts and periodically query AXE to recom-
mend new optimal tunings. Since this is a departure from our core
objective of efficiently navigating the LSM cost surface and assumes
a different design, we leave online LSM tuning as future work.

7 RELATED WORK

Auto-Tuning & Self-Designing Systems. The process of find-
ing a system’s optimal configuration has been extensively stud-
ied [11, 12], and traditionally focused on optimal index selection
through an offline approach [10], where indexes are determined be-
fore deployment; an iterative online approach [48], with periodic in-
dex rebuilding, or an adaptive tuning approach [26], where indexes
are incrementally rebuilt every query. Beyond the physical design
of databases, auto-tuning has expanded to include optimal knob
selection for both DBMS [27] and other data systems [50]. The tun-
ing policies typically rely on user-defined cost models, rules-based
methods [1, 10], or Bayesian Optimization techniques [2, 30, 33, 44,
57]. Zhang et al. highlight the advantages of Hyper Parameter Opti-
mization methods like SMAC due to its ability to handle categorical
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parameters [56], while CDBTune and QTune use reinforcement
learning for adaptive tuning based on live feedback [33, 55].
Self-designing systems further generalize auto-tuning by nav-
igating a broader physical design space to build an optimal data
system — rather than merely a database configuration — for specific
applications [9, 25, 27, 28]. Similar to auto-tuning, self-designing
systems typically define tuning policies via cost model analysis or
machine learning methods While these prior works provide ways
to refine or constrain the optimization process, AXE differs in that it
is an offline process, effectively eliminating any online component
and splitting the problem into separate learning tasks.
Learned Cost Models. Prior work on learned cost models focuses
primarily on predicting the potential cost of queries to select the
best plan to execute on the physical database [51-53, 58]. For data-
base execution cost, Zero-Shot Cost Models are trained on various
query executions and RDBMS generalize to unseen databases out-
of-the-box [22]. AXE’s task decomposition approach can be used
to improve the estimation and navigation of query plans, and can
integrate zero-shot models as its learned cost model, thus extending
to other systems beyond LSM-based ones
Tuning LSM Trees. Prior work on LSM tuning with cost models
primarily focuses on algorithms to optimize different filter struc-
tures for better read performance [14, 15], or tuning compaction
policies in three spaces: Classic Tiering vs Leveling, FluidLSM [16],
and KLSM [24, 35, 42]. RusKey [35] uses RL to tune LSM compaction
based on workload shifts, while Smoose [42] applies dynamic pro-
gramming to balance LSM trade-offs. Camal introduces an online
active learning model to tune knobs at runtime [54]. ENDURE in-
troduces a different paradigm by changing the LSM tuning problem
to consider uncertainty during the tuning process [24]. WiscKey
separates the physical storage layout of keys and values to prevent
unnecessary data movement during compaction [38]. However,
AXE remains the first learned tuning paradigm that tunes multiple
knobs across various scenarios with minimal overhead.

8 CONCLUSION

In this work, we explore a task decomposition strategy for the LSM
tuning problem and introduce AXE, an offline dual neural network
approach to learning both subtasks of the problem. AXE first learns
the cost of executing workloads on LSM configurations. This neural
network is then used as the loss function of another model, termed
learned tuner, that recommends high-performing tunings based on
input workloads. Compared to a domain-expert-configured tuning
pipeline, AXE requires significantly less prior expertise in mod-
eling the system and in the optimizer’s mechanics while recom-
mending near-optimal tunings. Additionally, compared to online
iterative strategies, we demonstrate that AXE is more efficient and
incurs lower upfront costs while suggesting high-performing tun-
ings. Overall, AXE is an easy-to-adopt and competitive strategy for
recommending high-performance tunings at scale.
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