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In this paper, we present Learned-Less Index - a learned index built by merging existing linear regression

models instead of training new ones from scratch. Learned-Less Index does not require scanning sorted

keys, which makes it up to 615 times faster than traditional Greedy-PLR method, although it comes with

higher prediction errors. Learned-Less Index is particularly effective in LSM tree-based KVStores in highly

concurrent environments, where computational resources for learning are often limited. Merging existing

linear regression models enables models to be created prior to compaction. This allows queries to benefit from

model-based search without falling back to conventional index block searches since models are immediately

available for use as soon as new SSTables are created. Additionally, these pre-built merged models can help

improve the compaction process. Our experiments show that Learned-Less Index significantly reduces CPU

overhead and improves query performance by a large margin in highly concurrent environments.
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1 Introduction
Machine learning is extending its impact beyond AI applications to computer systems and database

systems [11, 14, 23, 32, 34, 36]. In various computing domains, including database systems, where

indexing is a core component, learned indexing has gained attention for its ability to significantly

reduce the index size while improving search performance. By learning the distribution of sorted

keys, learned indexes can predict key positions, and thereby reduce the number of key comparisons

as well as storage accesses.

Learned indexing offers fast search performance but faces challenges with dynamic and con-

current insertions and deletions [13, 23]. To overcome the limitations, various approaches are
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currently being actively explored [11, 13, 14, 23, 38]. In parallel, there has been growing interest

in integrating learned indexes into LSM tree-based KVStores [10, 26, 37]. Unlike conventional

tree-structured indexes, LSM tree-based KVStores are multi-threaded indexing systems optimized

for write-intensive workloads, where background threads perform maintenance tasks such as

flushing in-memory data to disk and merge-sorting on-disk data through compaction.

The LSM tree naturally mitigates the limitations of learned index. Specifically, LSM trees address

the challenge of dynamic updates through compaction of SSTables, which adhere to a write-once-

read-many (WORM) semantic. This allows an immutable learned index to be created and used

for each SSTable without complex update mechanisms. Additionally, the LSM tree’s support for

concurrent access inherently addresses the concurrency limitations of learned indexes. Since Bour-

bon [10] was proposed as a seminal work in this field, subsequent studies such as TridentKV [26]

and LeaderKV [37] have explored the application of learned indexing to LSM trees. We will refer to

these systems collectively as Learned-LSM trees.
Learned-LSM trees learn the key distribution of SSTables in background. Therefore, it should

ideally have minimal impact on foreground client query performance. However, LSM tree-based

KVStores employ an artificial governor called the stop trigger, which halts foreground threads when

too many compaction tasks accumulate [12]. This write stall problem has been extensively studied,

and insufficient computational resources has been identified as one of the key factors [2–5, 12, 18–

20, 24, 31, 39, 40]. If background threads use CPU cycles for additional computations, such as linear

regression for learned index, the write stall problem can become even further aggravated.

To address this issue, existing Learned-LSM trees have proposed offline learning [10], where

learned indexes are only created when KVStores are not processing foreground queries. However,

offline learning has limited applicability. Alternatively, Cost-Benefit Analyzer (CBA), proposed
in Bourbon, creates a learned index only when the performance benefit of using the learned

index is greater than the learning overhead. Unfortunately, our analysis shows that CBA identifies

performance improvements from the learned index only in a small fraction of cases. As a result, it

rarely chooses to create learned models. Furthermore, even when potential benefits are identified,

the learning process is time-consuming, often comparable to the duration of compaction itself.

Therefore, in Bourbon, flush and compaction tasks trigger learning but does not wait for it to

complete, since waiting would considerably slow down compaction and delay the resolution of

write stalls. Instead, the learning is delegated to a separate dedicated thread. This asynchronous

approach exposes the compacted SSTable to subsequent queries before its learned model becomes

available. In our experiments, only 7-14% of queries use the learned models in highly concurrent

environments, while the majority still access conventional index blocks.

In this study, we propose a novel learned indexing method - Learned-Less Index, which constructs

learned indexes by merging existing linear regression models. Unlike previous Learned-LSM trees

that learn the distribution of keys through linear regression, Learned-Less Index recycles existing

models of victim SSTables and merges them without the need to scan sorted keys. Thereby, Learned-

Less Index builds merged models 434-615 times faster than the Greedy-PLR (Piecewise Linear

Regression) method. However, as a trade-off, merged models exhibit 10–30% of predicted positions

with much higher errors than the Greedy-PLR in our experiments. While this high error leads to a

5-23% slowdown in search time compared to the Greedy-PLR method, searching merged models is

still 11-44% faster than conventional index block searches.

Taking advantage of the fast model merging process and the fact that it requires no sorted keys,

Learned-Less Index allows to construct merged models before compaction and leverages them

to accelerate the compaction itself, unlike Bourbon which triggers learning only afterward. In

particular, compaction tasks predict the offsets of keys using the merged model, adjust a small

number of conflicting offsets through key comparisons, and then copy the key-value data to the
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output SSTable. We show that this model-based compaction is faster than traditional compaction,

as it reduces the number of key comparisons and CPU usage. Additionally, generating models

before compaction allows merged models to be ready for use by queries as soon as new SSTables

are generated.

In summary, the key contributions of this study are as follows:

• We propose Learned-Less Index, a lightweight learned indexing technique that constructs merged

models by recycling existing ones, thereby saving CPU cycles. This helps minimize additional

pressure on the system and avoids the risk of aggravating the write stall problem.

• Using Learned-Less Index, which can be constructed with negligible overhead, we build an LSM

tree–based KVStore - LearnedLessDB. LearnedLessDB makes merged models available before

compaction. This allows learned indexes to be immediately available upon SSTable creation and

thereby increase their utilization.

• With models built prior to compaction, compaction tasks can use them during merge-sort to

reduce key comparisons and CPU usage. We show that the model-based compaction can improve

the write path of LSM trees.

The rest of this paper is organized as follows. In Sections 2 and 3, we present the background

and motivation of this study. In Section 4, we present how Learned-Less Index works. In Section 5,

we evaluate the performance of LearnedLessDB, and present related work in Section 6. Finally, we

conclude the paper in Section 7.

2 Background
2.1 Learned Indexes
Learned indexes are machine learning-based indexing structures that estimate the position of a

given key [23], which offer low lookup latency and a small memory footprint by representing large

datasets with a small number of line segments. As a prediction-based technique, each lookup must

account for an associated error bound. Nonetheless, each lookup operation requires only a single

computation followed by a binary search within the small error bound, which can significantly

improve read performance.

Although learned indexing has great potential, it does not come without limitations. In particular,

learned indexes are not well suited for dynamic workloads, i.e., frequent insertions and deletions.

When keys are inserted or deleted, the positions of existing keys change and the model’s accuracy

may degrade. In the worst case, if keys do not fall within the error bound of the model, a new model

that reflects the updated key distribution needs to be created.

To address this limitation, several recursivemodel indexes (RMIs) have been proposed. AIDEL [25]

proposes the use of linked lists instead of shifting array elements when new keys are inserted.

ALEX [11], a learned index with a hierarchical structure similar to B+trees, stores a single linear

regression model (line segment) for each internal tree node. To enable data insertion without

updating the model, ALEX introduces a gapped array structure, which allocates extra space between
array elements, allowing new data to be inserted without shifting existing elements. This design

makes ALEX structurally similar to a radix tree and achieves comparable efficiency. XIndex [35]

is another learned index that adopts a two-level structure to support dynamic workloads. When

updates occur at the lower level and retraining becomes necessary, it performs split or merge

operations.

2.2 Learned-LSM Trees
LSM tree-based KVStores are multi-threaded indexing systems that manage large-scale datasets

in both DRAM and disks. They adopt a multi-level structure that uses small in-memory indexes

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 40. Publication date: February 2026.



40:4 Hera Koo, Sungho Moon, Sangeun Chae, Wook-Hee Kim, Jongmoo Choi, and Beomseok Nam

Fig. 1. Bourbon’s Architecture and Model Path. 1○ As in conventional LSM trees, Bourbon finds an SSTable

to read. 2○ It loads the index and filter blocks if they are not cached. 3○ & 4○ If a trained model is available, it

predicts the position range of the search key. 5○ It checks the filter(s) of the corresponding data block(s). 6○ If

the filter indicates that the key may be present, the data block(s) are loaded. 7○ & 8○ Once the key is located,

its value is retrieved from the value log.

(MemTables) to quickly absorb writes, periodically flushing data to disk (SSTables) and performing

merge sort in the background. This design avoids randomwrites and is optimized for write-intensive

workloads. However, the use of multiple levels leads to a trade-off in read performance. Recently,

several studies have proposed combining write-optimized LSM trees with read-optimized learned

indexes to complement each other’s weaknesses [10, 26, 37].

While learned indexes leverage various models of the key distribution, such as linear, polynomial,

or even neural networks, to predict key positions [23], most Learned-LSM tree systems adopt linear

regression due to its simplicity and efficiency. Our study also focuses on linear regression models.

2.2.1 Bourbon. Bourbon [10] is the first seminal study that employs learned indexing, i.e., Greedy-

PLR, in LSM trees. Since SSTables of LSM Trees are immutable, they align well with the static

nature of learned index. As an extension of WiscKey [27], a variant of LevelDB[33] that stores

variable-length values in a separate data structure called a value log, Bourbon makes the key-value

entries fixed-size, and simplifies byte offset calculations. When Bourbon accesses an SSTable, it

follows one of two lookup paths depending on whether a learned index, trained on that SSTable’s

key distribution, is available or not, as illustrated in Figure 1. If an SSTable has a learned model, it

uses the model to predict which data block contains the search key (referred to as the model path).
If a learned index is not available for the SSTable, it falls back to the baseline path, i.e., it accesses
index blocks to locate the target data block.

In Bourbon, only a single compaction thread runs at any given time. In addition to this compaction

thread, Bourbon introduces an extra thread dedicated to learning. When the compaction thread

places a learning task into a queue, the learning thread dequeues the task and builds a learned

model by scanning the SSTable sequentially. Specifically, it transforms key-to-offset mappings to

line segments using the Greedy-PLR algorithm. During scanning, if the learning thread detects the

addition of the next key-to-offset mapping exceeds a predefined error bound, a new line segment is

created. Therefore, each resulting line segment strictly satisfies the predefined error bound.

Although the Greedy-PLR algorithm has linear complexity, the learning overhead is still sub-

stantial, accounting for approximately 50% of the compaction overhead. In our experiments using

Bourbon, running YCSB A workload on a dataset loaded with 500 million keys (via YCSB Load

A), the average learning time (including the I/O time with the block cache enabled, but without
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(a) YCSB Throughput (b) Proportion of Model Path

Fig. 2. Performance of Bourbon. (Single Client, Single Compaction Thread, Single Learning Thread)

including the queueing delay) for 2 MB SSTable is 8.76 msec while it takes 16.8 msec for compaction

to generate and write a 2 MB SSTable.

To reduce the learning overhead, Bourbon employs several optimizations. One approach is to

delay model creation for a small period
1
after compaction generates an SSTable, even if the learning

thread is idle. This delay ensures that learning is performed only on SSTables with a sufficiently long

lifetime, such that unnecessary work on soon-to-be-deleted SSTables can be avoided. Bourbon also

proposes offline learning, where model creation is deferred until the system becomes idle, such that

model creation is not on the critical path of user query processing. In addition, Bourbon incorporates

Cost-Benefit Analyzer (CBA) to selectively create models based on a comparison between learning

costs and expected performance gains. CBA maintains lookup statistics for each SSTable, updated

by client threads. When a new SSTable is created, CBA uses these statistics to decide if creating a

model is worthwhile.

2.2.2 TridentKV and LeaderKV. TridentKV [26] is another Learned-LSM tree, which is built on

top of RocksDB [29] and constructs a two-level RMI for each SSTable. The first layer of the RMI

consists of PLR models partitioned by key range, while the second layer comprises multiple linear

regression models that learn the key-to-offset mapping within each partition. TridentKV introduces

an adaptive learning technique that adjusts the learning strategy based on workload characteristics.

Under write-intensive workloads, it follows the same approach as Bourbon, i.e., it creates a model

using a separate learning thread once compaction is complete. In contrast, under read-intensive

workloads, learned models are created by the flush and compaction thread itself, despite it slows

down compacton. During compaction, it performs a merge-sort to obtain a sorted array of keys,

builds an RMI model based on the key distribution, and then determines the key ranges for each

data block according to the model before writing them to the SSTable file. While this approach

improves the model’s accuracy to 100%, we observe that it slows down background jobs and severely

degrades performance.

LeaderKV [37] is another Learned-LSM tree design in which each SSTable is associated with a

three-level RMI model. Similar to Bourbon, it creates RMI models in a background learning thread

when the compaction thread creates an SSTable. It replaces SSTables with DKTables, which store

keys and values in separate table spaces to reduce disk access costs. Its three-level RMI structure

consists of precise models in the top two levels and approximate models at the leaf level. Another

key design of LeaderKV is the redirectmechanism at each level of RMI, which prevents unnecessary

data block accesses caused by mispredictions.

1
Bourbon sets this delay to 50 msec, given that the maximum learning time for 4 MB SSTables is 40 msec on their testbed [10].
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3 Motivation
3.1 Learning Overhead
3.1.1 Learning in Low-Concurrency Configuration. The techniques proposed by Bourbon to reduce

learning overhead are far from satisfactory. First, Bourbon’s CBA rarely triggers learning during

workload execution. On our testbed machine described in Section 5.1, we load a 500 GB dataset and

run 10 million queries in each YCSB workload using WiscKey and Bourbon, as shown in Figure 2.

All YCSB experiments use 16B string keys and 64B values. Following the same configuration

used in the Bourbon paper, string keys are transformed into 8B integer keys for Greedy-PLR.

Bourbon(Always) denotes the performance where we disable CBA such that Bourbon triggers

learning for all SSTables. Since Bourbon does not support multi-client execution, all experiments

were conducted with a single client thread. For the same experiments, Figure 2(b) presents the

percentage of lookup operations that use the learned models. All experiments were conducted with

offline learning disabled.

The results show that Bourbon(CBA) does not outperform WiscKey across all workloads. This is

in part because Bourbon’s CBA selectively triggers learning during execution. In total, less than

34% of lookups are served using learned indexes. The remaining lookups fall back to the baseline

path, i.e., index block lookups, as in WiscKey. Another source of the issue is the locking mechanism,

i.e., CBA collects statistics to determine whether learning should be triggered. Since a lock is used

when accessing the statistics, contention between the client, the compaction, and the learning

thread causes performance degradation.

Interestingly, in the read-only workload C, the number of queries that utilize learned models is

even smaller than workload B when CBA is enabled. This is because, when using CBA, models

are not generated during the write-intensive Load phase, and most of the models built during

workloads A and B are for SSTables in level 0. These L0 SSTables are quickly deleted through

compaction. Ironically, the workload C that would benefit most from learned indexes ends up using

them only to a limited extent.

In contrast, Bourbon(Always) eventually generates learned indexes for all SSTables, even if

learning is delayed. With a single client and a single compaction thread, a single learning thread

can prepare learned models without incurring significant delay. As a result, it enables 99–100% of

lookups to use the learned models and achieves up to 22% higher throughput than WiscKey.

This experiments lead to two key observations: (1) Bourbon’s CBA is ineffective in practice

and fails to create sufficient learned models during workload execution. (2) In a single-threaded,

LevelDB-based environment, compaction leaves sufficient computing resources unused, which can

be leveraged to generate learned models for all SSTables without noticeable overhead. However,

we focus on the fact that its low-concurrency configuration limits the performance benefit from

learned index, as the system’s throughput is bottlenecked.

3.1.2 Learning in High-Concurrency Configuration. To evaluate the effect of learned index in

high-concurrency environments, we ported Bourbon into HyperLevelDB [17], a high-performance

variant of LevelDB that enables concurrent reads and writes through fine-grained locking. However,

unlike RocksDB, HyperLevelDB still performs compaction using a single thread, which limits its

scalability. To address this, we ported the multi-threaded compaction mechanism of RocksDB into

HyperLevelDB and further extended it by enabling multiple learning threads. We also replaced the

locking mechanism used for managing CBA statistics with a lock-free implementation using atomic

CAS instructions. We refer to this high-concurrency version of Bourbon as HyperBourbon (denoted

as HB in Figures). We also ported WiscKey in the same manner, and refer to it as HyperWiscKey
(denoted as HW in Figures).
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(a) YCSB Throughput (b) Proportion of Model Path

Fig. 3. Performance in High-Concurrency Environments. (32 Clients, 8 Compaction Threads, 4 Learning

Threads in HyperBourbon, 1 Learning Thread in LearnedLessDB, 16MB MemTables)

(a) Expected SSTable lifespan. Most queries are processed following the model path. C: Time spent building the SSTable. W:
Time spent waiting in the learning queue. L: Time spent on learning. U: Time when the model is available for use.

(b) Actual SSTable lifespan. SSTable is often deleted before learning is complete.

Fig. 4. Lifespan of SSTable.

In the experiments shown in Figure 3, we run YCSB benchmark using 32 clients and measure the

throughput and the proportion of queries that follow the model path in each KVStore. We set the

number of compaction threads and learning threads to 8 and 4, respectively. Due to the increased

concurrency and optimizations of HyperLevelDB codebase, all KVStores demonstrate improved

performance. However, similar to the results shown in Figure 2, HyperBourbon(CBA) rarely triggers

learning. Specifically, it constructs learned models for 120 out of 42,033 SSTables during the

Load phase, which accounts for only 0.285%. Therefore, it performs similarly to the baseline

HyperWiscKey. Interestingly, it is noteworthy that there is a significant decrease in the proportion

of queries that follow the model path in HyperBourbon(Always), sometimes even lower than

HyperBourbon(CBA) whose model utilization also declines. Specifically, in HyperBourbon(Always),

only 11% of queries use learned indexes on average, despite it attempts to generate learned indexes

for all SSTables. This is because learning is delayed in high-concurrency configurations. To address

excessive learning overhead, HyperBourbon(Always:L>1) skips model creation for short-lived
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(a) Lifespan Breakdown across LSM Tree Level (32 Clients) (b) Lifespan Breakdown w/ Varying Number of Client Threads

Fig. 5. SSTable Lifespan Breakdown. (HyperBourbon(Always), 4 Learning Threads, The total runtime of the

experiment with 32 clients: 1226 seconds)

Fig. 6. Throughput Sensitivity to Compaction and Learning Thread Configuration. (32 client threads, HB(A):
HyperBourbon(Always), LL: LearnedLessDB, LT: # of Learning Threads)

SSTables in L0 and L1, such that the number of models to be created is reduced. However, it still

fails to alleviate the learning backlog, as many models are still required in upper levels.

Figure 4(a) illustrates the ideal lifespan of an SSTable as intended by Bourbon. After an SSTable is

created via compaction, it waits for a certain period before creating a learned index model. Lookups

during this period are served through the baseline path, and once a learned index model is generated,

subsequent lookups access the SSTable via the model path. Later, the SSTable is selected as a victim

SSTable for compaction and removed, and the associated learned index model is discarded as well.

However, under high-concurrency settings, only a small fraction of SSTables benefit from the

model path because learning takes a long time and the queueing delay continues to grow. Therefore,

learning often does not complete before the SSTable is deleted by subsequent compaction, as shown

in Figure 4(b). Consequently, most lookups are served through the baseline path.

To quantify this observation, we divide the lifespan of SSTables into the four phases -𝐶 : Time for

creating the SSTable,𝑊 : Time spent waiting in the queue for model creation to start, i.e., queueing

delay, 𝐿: Time spent for learning, and 𝑈 : Time the model is used. When we set the number of

learning threads to one in HyperBourbon(Always), the waiting time (W ) dominates the lifespan

and model training lags behind compaction, causing most SSTables to be deleted before learning

completes.

In the experiments shown in Figures 5(a) and 5(b), we set the number of learning threads of

HyperBourbon(Always) to four. Still, even with four learning threads, the model usage time (U )

accounts for only 52% of the total lifespan with 32 clients. Notably, the model usage time for

SSTables at lower levels of the LSM tree is even shorter than the wait time. Since these lower-level
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Fig. 7. The Architecture of LearnedLessDB.

SSTables are accessed more frequently than upper-level SSTables, this waiting time should be

reduced to increase the utilization of learned models.

Figure 6 shows the performance impact of adjusting the number of compaction and learning

threads to reduce the wait time of learning tasks. The number of client threads is fixed at 32.

Each experiment loads a 200 million key-value dataset, followed by 10 million lookup queries.

Unfortunately, increasing the number of learning threads causes CPU resource contention, which

degrades write throughput, while offering marginal improvements in read throughput only when

the number of compaction threads is small.

3.2 Motivations of Learned-Less Index
Availability of Learned Index: While previous Learned-LSM tree studies have demonstrated

the potential of improving read performance of LSM trees using learned indexes, our experiments

reveal that generating and maintaining learned models incurs non-trivial overhead. In particular,

initiating model generation only after compaction often fails to prepare the learned models in time.

As a result, the system pays the cost of learning, but read queries receive little to no performance

benefit. This observation leads to the key question of this study: Motivation 1: How can we reduce
the cost of building learned indexes in LSM trees?

Use of Learned Index in Write Path: This limitation also raises a broader question regarding

the role of learned index in LSM trees. Previous research on Learned-LSM trees has primarily

focused on improving search performance through the use of learned index, and they have neglected

the impact on write performance. However, in conventional LSM trees, the write stall problem has

been pointed out as one of the most critical performance bottlenecks, and numerous studies [2–

5, 12, 18, 19, 24, 39, 40] have sought to address this issue. Meanwhile, RMI-based learned indexes,

such as ALEX [11], have attempted to accelerate write operations by predicting the positions of

inserted keys. However, the use of learned index within the write path remains rather unexplored

in LSM trees. This leads to the second question: Motivation 2. How can learned index be used to
improve write performance in LSM trees?

4 Design of LearnedLessDB
Figure 7 shows the overall architecture of LearnedLessDB. LearnedLessDB employs two background

engines for learned index model construction: the Learner and the Merger. The choice between the

two engines depends on whether all victim SSTables selected for compaction have learned index

models or not.
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Algorithm 1 Learned-Less Merge Algorithm

Require: Input SSTables 𝑆𝑆𝑇𝑛 of level 𝑛, 𝑆𝑆𝑇𝑛+1 of level 𝑛 + 1
Ensure: Merged PLR model S𝑜𝑢𝑡 for output SSTable
1: S𝑛 = 𝑆1, 𝑆2, . . . , 𝑆𝑘 ← 𝐺𝑒𝑡𝑀𝑜𝑑𝑒𝑙 (𝑆𝑆𝑇𝑛) ⊲ Set of line segments

2: S𝑛+1 = 𝑆1′ , 𝑆2′ , . . . , 𝑆𝑘 ′ ← 𝐺𝑒𝑡𝑀𝑜𝑑𝑒𝑙 (𝑆𝑆𝑇𝑛+1)
3: 𝐵 ← ∅ ⊲ Set of key range boundaries

4: for all 𝑆𝑖 ∈ S𝑛,S𝑛+1 do
5: if 𝑖 = 1 then
6: 𝐵 ← 𝐵 ∪ {𝑆𝑖 .𝑠𝑡𝑎𝑟𝑡_𝑘𝑒𝑦, 𝑆𝑖 .𝑒𝑛𝑑_𝑘𝑒𝑦}
7: else
8: 𝐵 ← 𝐵 ∪ {𝑆𝑖 .𝑒𝑛𝑑_𝑘𝑒𝑦}
9: end if
10: end for
11: Sort 𝐵 in ascending order

12: S𝑜𝑢𝑡 ← ∅ ⊲ Initialize the merged model

13: 𝑥𝑠𝑡𝑎𝑟𝑡 ← 𝐵 [0] ⊲ The beginning of the current interval

14: 𝑦𝑠𝑡𝑎𝑟𝑡 ← 0 ⊲ The starting y-position

15: 𝑚𝑒𝑟𝑔𝑒 ← 𝑓 𝑎𝑙𝑠𝑒

16: for 𝑗 = 1 to |𝐵 | − 1 do
17: 𝑥𝑒𝑛𝑑 ← 𝐵 [ 𝑗]
18: if not𝑚𝑒𝑟𝑔𝑒 then
19: 𝑐𝑜𝑢𝑛𝑡 ← 0

20: end if
21: for all 𝑆𝑖 ∈ S𝑛,S𝑛+1 do
22: 𝑐𝑜𝑢𝑛𝑡 ← 𝑐𝑜𝑢𝑛𝑡 + 𝑁𝑢𝑚𝐾𝑒𝑦𝑠𝐼𝑛𝑅𝑎𝑛𝑔𝑒 (𝑆𝑖 , 𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 )
23: end for
24: if 𝑐𝑜𝑢𝑛𝑡 ≤ 𝑚𝑖𝑛𝑁𝑢𝑚𝐾𝑒𝑦𝑠 then ⊲ Merge too short intervals

25: 𝑚𝑒𝑟𝑔𝑒 ← 𝑡𝑟𝑢𝑒

26: continue

27: end if
28: 𝑦𝑒𝑛𝑑 ← 𝑦𝑠𝑡𝑎𝑟𝑡 + 𝑐𝑜𝑢𝑛𝑡
29: Compute slope 𝑎 =

𝑦𝑒𝑛𝑑−𝑦𝑠𝑡𝑎𝑟𝑡
𝑥𝑒𝑛𝑑−𝑥𝑠𝑡𝑎𝑟𝑡

30: Compute intercept 𝑏 = 𝑦𝑠𝑡𝑎𝑟𝑡 − 𝑎 · 𝑥𝑠𝑡𝑎𝑟𝑡
31: Add line segment (𝑎, 𝑏, 𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 , 𝑦𝑒𝑛𝑑 ) to S𝑜𝑢𝑡
32: 𝑥𝑠𝑡𝑎𝑟𝑡 ← 𝑥𝑒𝑛𝑑 + 1
33: 𝑦𝑠𝑡𝑎𝑟𝑡 ← 𝑦𝑒𝑛𝑑 + 1
34: 𝑚𝑒𝑟𝑔𝑒 ← 𝑓 𝑎𝑙𝑠𝑒

35: end for
36: return S𝑜𝑢𝑡

If any victim SSTable lacks a model, the Learner is used. In this case, the compaction thread reads

the keys from victim SSTables, performs a merge sort, generates new output SSTables, and places

learning tasks into the learning queue. Also, when a new SSTable is created through MemTable

flush, its learning task is inserted into the queue. The Learner then dequeues a learning task, reads

the keys from the newly created SSTables, and constructs learned models, as in Bourbon.

In contrast, if all victim SSTables already have models, the Merger combines the learned index

models from the victim SSTables to produce a new model for the output SSTable (Section 4.1).

Using the merged model, LearnedLessDB then performs compaction to create output SSTables.

Since the model is created in advance, the output SSTables can be immediately accessed via the

model search path upon creation (Section 4.2). However, because the merged models are not created
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Fig. 8. An Example of Merging Two Models.

based on actual key distribution, their error bounds can be high. (Section 4.3). To mitigate this,

LearnedLessDB performs retraining when a prediction error is too high (Section 4.4).

4.1 The Merger
The Merger combines the Greedy-PLR models of victim SSTables to generate merged models for
output SSTables. If models of the victim SSTables are available, the output key distribution can be

approximated without reading all keys from the victim SSTables.

At a high level, the overall logic of the algorithm shown in Algorithm 1 works as follows: First,

the start and end points of the key ranges from the line segments in the input SSTables’ models

are sorted to divide the key space into finer-grained intervals. For each interval, we estimate the

number of keys within that interval to determine the slope of the corresponding line segment. The

resulting model approximates the one that would have been obtained through the Greedy-PLR.

The detailed algorithm is as the following. First, the x-coordinate boundaries (keys) from all line

segments are collected (lines 1–10). For the first line segment in each model, the start and end keys

are collected. For subsequent line segments, only the end keys are collected. These boundaries are

where piecewise changes occur. Hence, the boundaries are sorted to get ordered intervals (line 11).

Then, for each consecutive pair of boundary points (𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ) (lines 16–35), the number of keys

falling in the current interval [𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ] is estimated using each line segment 𝑆𝑖 (lines 21–23).

The sum of these counts estimates the number of merge-sorted keys in the current interval in the

output model.

If the interval contains too few keys, it is merged with the next interval (lines 24–27). Using the

number of keys, the y-coordinate at the end of this interval is calculated, which determines the

slope.

Given the two PLR segments over the interval [𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ]:
𝑆1 : 𝑦 = 𝑎1𝑥 + 𝑏1 with error ≤ 𝜖1 over [𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ] (1)

𝑆2 : 𝑦 = 𝑎2𝑥 + 𝑏2 with error ≤ 𝜖2 over [𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ], (2)

the estimated number of keys in each line segment is:

Δ𝑦1 = |𝑎1 (𝑥𝑒𝑛𝑑 − 𝑥𝑠𝑡𝑎𝑟𝑡 ) | (3)

Δ𝑦2 = |𝑎2 (𝑥𝑒𝑛𝑑 − 𝑥𝑠𝑡𝑎𝑟𝑡 ) | (4)
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Using these estimated numbers, the slope 𝑎𝑚 and intercept 𝑏𝑚 of the merged model in interval

[𝑥𝑠𝑡𝑎𝑟𝑡 , 𝑥𝑒𝑛𝑑 ] are calculated as the following.

𝑎𝑚 =
Δ𝑦1 + Δ𝑦2 − 1
𝑥𝑒𝑛𝑑 − 𝑥𝑠𝑡𝑎𝑟𝑡

(5)

𝑏𝑚 = 𝑦𝑠𝑡𝑎𝑟𝑡 − 𝑎𝑚 · 𝑥𝑠𝑡𝑎𝑟𝑡 (6)

Once the linear function parameters are calculated, the line segment is added to the output model

(lines 29–31).

4.1.1 Example of Merging Two Models. Figure 8 illustrates an example of model merging. The input

SSTables,𝑇1 and𝑇2, have learnedmodels𝑀1 and𝑀2, respectively.Model𝑀1 consists of two segments:

𝑆𝑒𝑔1(1) (𝑦 = 0.034 · 𝑥 − 0.05) covering the interval 1 ≤ 𝑥 ≤ 60, and 𝑆𝑒𝑔1(2) (𝑦 = 0.118 · 𝑥 − 5.09)
covering 70 ≤ 𝑥 ≤ 95. Similarly,𝑀2 contains segments 𝑆𝑒𝑔2(1) (𝑦 = 0.166 ·𝑥 − 2.73) for 17 ≤ 𝑥 ≤ 35,

and 𝑆𝑒𝑔2(2) (𝑦 = 0.084 · 𝑥 − 0.37) for 44 ≤ 𝑥 ≤ 80.

To merge𝑀1 and𝑀2, the start key and the end key of each line segment are collected from both

models. From𝑀1, we obtain 1, 60, 95, and from𝑀2, we obtain 17, 35, 80. After sorting, the resulting

boundary list 𝐵 becomes (1, 17, 35, 60, 80, 95).

These boundary elements define the segment intervals of the merged model𝑀𝑜𝑢𝑡 . For the interval

[1, 17], the number of estimated keys from 𝑆𝑒𝑔1(1) is Δ𝑦𝑆𝑒𝑔1(1) = |0.034 · (17 − 1) | = |0.544| = 1.

If the number of keys in an interval is too small, it is merged with the subsequent interval to

avoid creating too many line segments with very small key counts. Although this may increase

prediction error, having too many short segments actually degrades lookup performance because

the more segments the PLR model manages, the longer it takes to locate the correct segment for a

given key.

After the first interval is expanded from [1, 17] to [1, 35], the numbers of keys in 𝑆𝑒𝑔1(1) and
𝑆𝑒𝑔2(1) are estimated as Δ𝑦𝑆𝑒𝑔

1(1) = |0.034 · (35−1) | = |1.156| = 1, and Δ𝑦𝑆𝑒𝑔
2(1) = |0.166 · (35−17) | =

|2.988| = 3, respectively. For the first interval that includes the start key, Δ𝑦𝑆𝑒𝑔
1(1) and Δ𝑦𝑆𝑒𝑔

2(1)
need to be incremented by one. Therefore, the slope and intercept of the merged line segment,

𝑀𝑒𝑟𝑔𝑒𝑑 (1) , are calculated as 𝑎𝑚 = (2 + 4 − 1)/(35 − 1) = 0.147 and 𝑏𝑚 = 0 − 0.147 · 1 = −0.147,
respectively, according to Equations (5) and (6).

For the second interval [36, 60], the numbers of estimated keys from 𝑆𝑒𝑔1(1) and 𝑆𝑒𝑔2(2) are
Δ𝑦𝑆𝑒𝑔

1(1) = |0.034· (60−36) | = |0.816| = 1, andΔ𝑦𝑆𝑒𝑔
2(2) = |0.084· (60−36) | = |2.016| = 2, respectively.

Then, the slope and the intercept of𝑀𝑒𝑟𝑔𝑒𝑑 (2) are computed as 𝑎𝑚 = (1+2−1)/(60−36) = 0.08333,

and 𝑏𝑚 = 6 − 0.08333 · 36 = 3.00012, respectively.𝑀𝑒𝑟𝑔𝑒𝑑 (3) of interval [61, 80] and𝑀𝑒𝑟𝑔𝑒𝑑 (4) of
interval [81, 95] can be calculated in the same manner.

In this way, the Merger generates approximate models using simple computations. This method is

faster but less accurate than Greedy-PLR. However, we observe that its accuracy still remains usable

in practice. Unlike conventional methods that require scanning all keys with a time complexity of

𝑂 (number of keys), the Merger runs in 𝑂 (number of segments). Thus, the speedup is defined as

the ratio of the number of keys to the number of line segments.

4.1.2 Excluding L0→L1 Compaction fromModelMerging. Based on empirical observations, Learned-

LessDB disables model merging during L0→L1 compaction by default.
2
This is because we observe

that model merging at L1 provides little performance benefit. As merging eliminates learning tasks

at upper levels, the learning thread can train models for nearly 99% L0 and L1 SSTables. Therefore,

enabling model merging at L1 only marginally increases the fraction of merged-model lookups.

Besides, it does not result in noticeable performance gains since merged models are less accurate

2
Our implementation provides an option to enable it.
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Algorithm 2 Compaction using the Merged Model

Input: Input SSTables 𝑆𝑆𝑇𝑛 of level 𝑛 and its model𝑀𝑛 , 𝑆𝑆𝑇𝑛+1 of level 𝑛 + 1 and its model𝑀𝑛+1
Output: mergedKeys[] for output SST

1: mergedSegments← merge(𝑀𝑛, 𝑀𝑛+1)
2: Initialize mergedKeys[], mergedIdx← 0, lastSegmentEnd← 0

3: for each segment in mergedSegments do
4: Clear bufKeys[]

5: for each key in 𝑆𝑆𝑇𝑛 within the segment range do
6: predicted← floor(slope × key + b) - lastSegmentEnd

7: while bufKeys[predicted] is occupied do
8: predicted++

9: end while
10: bufKeys[predicted]← key

11: end for
12: bufIdx← 0

13: for each key in 𝑆𝑆𝑇𝑛+1 within the segment range do
14: predicted← floor(slope × key + b)

15: while bufIdx < predicted do ⊲ Flush earlier buffered keys

16: if bufKeys[bufIdx] then
17: mergedKeys[mergedIdx++]← bufKeys[bufIdx]

18: end if
19: bufIdx++

20: end while
21: if bufKeys[predicted] then ⊲ collision, key comparison

22: if key == bufKeys[bufIdx] then
23: mergedKeys[mergedIdx++]← bufKeys[bufIdx++]

24: else if key < bufKeys[bufIdx] then
25: mergedKeys[mergedIdx++]← key

26: else
27: while bufKeys[bufIdx] and bufKeys[bufIdx] < key do
28: mergedKeys[mergedIdx++]← bufKeys[bufIdx++]

29: end while
30: mergedKeys[mergedIdx++]← key

31: end if
32: else ⊲ No collision, insert directly

33: mergedKeys[mergedIdx++]← key

34: bufIdx++

35: end if
36: end for
37: while bufIdx < size of bufKeys[] do
38: if bufKeys[bufIdx] then
39: mergedKeys[mergedIdx++]← bufKeys[bufIdx]

40: end if
41: bufIdx++

42: end while
43: lastSegmentEnd← mergedIdx - 1

44: end for
45: return mergedKeys

than learned models. Specifically, the high degree of overlap among L0 SSTables and the sparse key
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Fig. 9. An Example of Compaction using the Merged Model. mergedSegments: y=round(0.5x-0.5) over [1,11]

distribution often lead to highly fragmented key intervals and poor model accuracy. In addition,

many intervals contain more than two line segments, which increases computational complexity,

as multiple segment equations must be evaluated to estimate the number of keys.

4.2 Compare-Less Compaction
Since the Merger does not require sorted keys, it can generate merged models for output SSTables

before compaction begins. This not only enables queries to immediately leverage the models as soon

as the SSTables are created, but this also provides an opportunity for compaction threads to leverage

the merged model during the write path. While conventional compaction incurs overhead from

repeated key comparisons, our Compare-Less compaction approach minimizes these comparisons

by leveraging the merged model, resulting in a faster and more efficient compaction process.

Algorithm 2 shows how a compaction thread merge-sorts two SSTables (𝑆𝑆𝑇𝑛 and 𝑆𝑆𝑇𝑛+1) using
the merged model. The algorithm processes each merged line segment one at a time. Within each

segment, it predicts the approximate index (i.e, offset) of each key from one SSTable 𝑆𝑆𝑇𝑛 using the

merged model and places it in a temporary buffer array (bufKeys[]). If the predicted position is

already occupied by another key, linear probing is used to find an empty slot for insertion (lines

5–11). Once all keys from 𝑆𝑆𝑇𝑛 within the segment are placed in the buffer array, keys from the

other SSTable 𝑆𝑆𝑇𝑛+1 within the same segment interval are iterated through, and they are merged

with the keys buffered in bufKeys[]. When inserting an 𝑆𝑆𝑇𝑛+1 key at its predicted position, there

may be empty slots before that position. To address the issue, all buffered 𝑆𝑆𝑇𝑛 keys at positions

less than the predicted position of the current key are written to the target merged array (lines

15–20). After writing all smaller keys, it checks if the predicted position is available for the current

key (line 21). If the predicted position is empty, there is no conflict. Hence, the key is stored in the

next position of the merged array. If the position is already occupied by a key from 𝑆𝑆𝑇𝑛 , the two

keys are compared so that the smaller one is placed at an earlier position. If the keys are equal, the

key from the lower level SSTable is treated as the updated version, and the other old duplicate is

discarded. Once all keys from 𝑆𝑆𝑇𝑛+1 are processed, any remaining 𝑆𝑆𝑇𝑛 keys in the buffer array

are copied to the target merged array. By repeating this process for each merged line segment, the

fully sorted keys for the output SSTable are generated.

Figure 9 shows an example of how the algorithm merge-sorts the keys from two SSTables. In

the example, the merged line segment 𝑦 = 0.5𝑥 − 0.5 is given. The predicted offsets of 𝑆𝑆𝑇1’s keys

(1, 6, 11) are (0, 3, 5) according to the model, so they are inserted into the corresponding positions

in a temporary buffer bufKeys[] without key comparisons (lines 5–11). Then a cursor bufIdx for

bufKeys[] is initialized (line 12). Next, the predicted position (predicted) of each key from 𝑆𝑆𝑇2 is

calculated (line 14), and the keys in bufKeys[] with indices smaller than the predicted position are

copied into mergedKeys[] in order (lines 15–20). In the example, key 1 in bufKeys[0] is copied
to mergedKeys[0]. If the predicted entry in bufKeys[] is already occupied, a conflict occurs and

a key comparison is required. However, in the example, 𝑆𝑆𝑇2’s key 2 has a predicted position of
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(a) Input Model𝑀1. 𝑘𝑖 and 𝑘𝑖+1 are consecutive keys in a sorted array.

(b) Input Model𝑀2. 𝑘 𝑗 , 𝑘 𝑗+1, ..., and 𝑘 𝑗+𝑛 fall within the key range [𝑘𝑖 , 𝑘𝑖+1 ]

Fig. 10. Merged Model Error Bound Analysis.

1. Since bufKeys[1] is null, key 2 is directly copied to mergedKeys[1] (lines 32–34). Next, key

7’s predicted position is 3. Because bufIdx is still behind, it is incremented to catch up. Then, it

checks for whether there is a conflict with predicted position of 3 (line 21). Since bufKeys[3] is
already occupied by key 6 from 𝑆𝑆𝑇1, a key comparison is needed. Since key 7 is larger, key 6 is

inserted first. The algorithm also checks if more 𝑆𝑆𝑇1 keys follow due to linear probing, but finds

the next slot empty. So key 7 is inserted in the next position of mergedKeys[] (lines 26–30). Key
10 from 𝑆𝑆𝑇2 is predicted to go to offset 5, which also already holds key 11 from 𝑆𝑆𝑇1. Since key 10

is smaller, it is inserted into mergedKeys[] first (lines 24–25). After all 𝑆𝑆𝑇2 keys are processed,

bufIdx is incremented and the remaining key 11 from bufKeys[] is inserted into mergedKeys[]
(lines 37–42). Finally, mergedKeys[] contains all keys from 𝑆𝑆𝑇1 and 𝑆𝑆𝑇2 in sorted order.

Lemma 4.2.1 (Sorted Output of Compare-Less Compaction). Given two sorted SSTables 𝑆𝑆𝑇𝑛
and 𝑆𝑆𝑇𝑛+1, the Compare-Less Compaction algorithm produces a merged output array mergedKeys[]
in non-decreasing order.

Proof. We prove the lemma by induction on the output position 𝑖 . As a preliminary, note that

the algorithm places keys from 𝑆𝑆𝑇𝑛 into their predicted positions in the array bufKeys[], resolving
collisions by linear probing to the right.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 40. Publication date: February 2026.



40:16 Hera Koo, Sungho Moon, Sangeun Chae, Wook-Hee Kim, Jongmoo Choi, and Beomseok Nam

Base case (𝑖 = 0).We determine the first element to output into mergedKeys[0]. Let 𝑝0 be the
predicted position of the first key 𝑘0 from 𝑆𝑆𝑇𝑛+1. (1) If bufKeys[] has any elements with indices

< 𝑝0, those elements are all < 𝑘0 since the model is monotonic. The leftmost among them is the

global minimum. (2) Otherwise, if there is a collision at 𝑝0, the smaller key among the colliding

elements is the global minimum. (3) If neither of the above holds, the 𝑘0 itself is the global minimum.

Inductive step (𝑖 − 1→ 𝑖). Assume mergedKeys[0..𝑖 − 1] is sorted and contains the 𝑖 smallest

keys. Let 𝑘 denote the current key from 𝑆𝑆𝑇𝑛+1 and let 𝑝𝑘 be its predicted position. To produce the

next output at 𝑖: (1) If bufKeys[] has any elements with indices < 𝑝𝑘 that are not yet output, the

leftmost such element is the next global minimum. (2) Otherwise, if a collision occurs at 𝑝𝑘 , the

smaller of the colliding keys is output. (3) If neither holds, 𝑘 is the next global minimum. In all

cases, the key written to mergedKeys[𝑖] is the smallest among all remaining unmerged keys. □

4.2.1 String Key Conversion Overhead. Learned models require string keys to be converted into

integers, which introduces non-negligible overhead. In LearnedLessDB, the Merger only needs the

slope and intercept of segments, so once the Learner converts the keys, no further conversion is

necessary. Unfortunately, the Compare-Less compaction still requires string keys to be converted

during key comparisons. If this conversion is performed on every key access, YCSB throughput

drops by up to 6% in our experiments. To eliminate repeated conversions and reduce the overhead,

converted keys of each SSTable are cached along with its model in memory for faster access.

4.3 Error Bound of Merged Model
The error bound of the merged model depends on the ratio of the number of keys from the two

input models. Figure 10 shows two input models,𝑀1 and𝑀2. The slope of a segment is determined

by its key range, with the smallest key 𝐿, the largest key 𝑈 , and the number of keys |𝑀1 | in that

range. Using this slope, the expected offset of a key is given by:

expected_offset𝑀1

(𝑘𝑒𝑦) = |𝑀1 |
𝑈 − 𝐿𝑘𝑒𝑦 −

|𝑀1 |
𝑈 − 𝐿𝐿 + 𝑐1 ± 𝜖1 (7)

where 𝑐1 is the starting offset and 𝜖1 is the error bound. The error bound prevents keys from

deviating from a uniform distribution. Therefore, by inverting the formula, the expected key 𝑘𝑖 for

a given offset 𝑜𝑖 is:

𝑘𝑖 =
𝑈 − 𝐿
|𝑀1 |

(
𝑜𝑖 +

|𝑀1 |
𝑈 − 𝐿𝐿 − 𝑐1 ± 𝜖1

)
(8)

Using this formula, the distance between consecutive keys is given by:

𝑘𝑖+1 − 𝑘𝑖 ≤
𝑈 − 𝐿
|𝑀1 |

(𝑜𝑖+1 − 𝑜𝑖 + 2𝜖1) =
𝑈 − 𝐿
|𝑀1 |

(1 + 2𝜖1) (9)

When two input models are merged, keys 𝑘 𝑗 , 𝑘 𝑗+1, 𝑘 𝑗+2, ..., from model 𝑀2 may be inserted in

between, which shifts the offsets and increases the error. The number of𝑀2’s keys (|𝑀2 |) within
this range (𝑘𝑖 and 𝑘𝑖+1) is estimated as:

expected_offset𝑀2

(𝑘𝑖+1) − expected_offset𝑀2

(𝑘𝑖 ) (10)

=

(
|𝑀2 |
𝑈 − 𝐿𝑘𝑖+1 −

|𝑀2 |
𝑈 − 𝐿𝐿 ± 𝜖2

)
−
(
|𝑀2 |
𝑈 − 𝐿𝑘𝑖 −

|𝑀2 |
𝑈 − 𝐿𝐿 ± 𝜖2

)
(11)

=
|𝑀2 |
𝑈 − 𝐿 (𝑘𝑖+1 − 𝑘𝑖 ) ± 2𝜖2 (12)

≤ |𝑀2 |
𝑈 − 𝐿

(
𝑈 − 𝐿
|𝑀1 |

(1 + 2𝜖1)
)
± 2𝜖2 =

|𝑀2 |
|𝑀1 |
(1 + 2𝜖1) ± 2𝜖2 (13)
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The offset of key 𝑘𝑖+1 from𝑀1 may shift by this amount. Symmetrically, the offset of key 𝑘 𝑗 from

𝑀2 may shift by

|𝑀1 |
|𝑀2 |
(1 + 2𝜖2) ± 2𝜖1. (14)

Therefore, the error bound of the merged model is

𝑚𝑎𝑥

(
|𝑀2 |
|𝑀1 |
(1 + 2𝜖1) ± 2𝜖2,

|𝑀1 |
|𝑀2 |
(1 + 2𝜖2) ± 2𝜖1

)
. (15)

In LSM trees, compaction often removes duplicate and deleted keys, i.e., tombstones. Therefore,

the key distribution in the resulting output SSTable may diverge further. To mitigate this issue,

LearnedLessDB adjusts the slope of each segment’s model by counting the actual number of keys

during compaction. That is, during compaction, merging is performed using models based on the

predicted number of keys, while after compaction, the models adjusted with the actual number of

keys are used for query processing.

4.4 Lookup and Retraining
LearnedLessDB’s lookup process is generally similar to that of Bourbon, but the error bound of a

merged model can be orders of magnitude larger than that of the input PLR models, which can de-

grade lookup performance. Taking advantage of small fixed error bounds, Bourbon performs binary

search. In contrast, LearnedLessDB approximates the error bound. Specifically, LearnedLessDB

selects the largest error bound among the input models and uses it as the approximate error bound
(AEB). However, the AEB of a merged model is not a strict error bound, so the predicted key may

fall outside the expected range. If a binary search reveals that the current AEB does not contain the

predicted key, the algorithm performs a linear scan from either the left or right boundary.

While linear scanning, LearnedLessDB counts how many data blocks are read from an SSTable.

If a query reads more than a predefined number of blocks (2 in our implementation), the SSTable

is marked for retraining such that the Learner constructs a more accurate Greedy-PLR model.

The Learner manages two learning queues: a high-priority queue for regular learning tasks, i.e.,

learning for newly created SSTables from MemTable flush or L0→L1 compactions, and a low-

priority retraining queue for tasks triggered due to large error bounds. By distinguishing learning

priorities, LearnedLessDB ensures that models for recently written SSTables are trained promptly

while improving accuracy and efficiency through retraining during read-intensive workloads.

Our implementation performs retraining at the SSTable level, but selectively retraining only the

segments with large prediction errors could offer a better trade-off between model accuracy and

training overhead. We leave this improvement as future work.

5 Evaluation
We evaluate LearnedLessDB to answer the following questions. (1) How does LearnedLessDB per-

form compared to other Learned-LSM trees? (Section 5.2) (2) How effectively does LearnedLessDB

reduce learning overhead, and how much does the reduced learning overhead increase model

utilization? (Section 5.3) (3) How efficiently does Compare-Less compaction improve compaction

performance? (Section 5.4) (4) How accurate are merged models? (Section 5.5)

5.1 Experimental Setup
All experiments are performed on a testbed machine with 2× Intel Xeon Gold 5215 CPUs (20 cores

per each CPU), 128 GB DRAM, and an Intel P5800X U.2 SSD. Unless stated otherwise, we run 32
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Fig. 11. Comparison of Learned-LSM Trees with SOSD Benchmark.

client and 8 compaction threads for all KVStores except RocksDB, which runs 9 compaction threads.

For LearnedLessDB, a single learning thread is used, whereas HyperBourbon employs four.

We use db_bench [1], YCSB [9], and SOSD benchmarks [21, 28] for evaluation. SOSD is a

collection of real-world datasets commonly used for the evaluation of learned indexes. Since the

SOSD benchmark provides only read-only workloads, we ported the SOSD dataset to YCSB, as was

done in [37], in order to generate read-write mixed workloads. For YCSB, the Load phase inserts

500 million key-value pairs into the database, and each workload performs 10 million queries in

uniform distribution. We use the 16-byte keys and 64-byte values as in [10], where 16-byte numeric

string keys are converted into 8-byte integers. The error bound of learned models is set to 8.

We compare the performance of LearnedLessDB against RocksDB, HyperWiscKey (denoted as

HWiscKey), and HyperBourbon (denoted as HBourbon).
3
For a fair comparison, we set both the

MemTable and SSTable sizes to 64 MB across all KV stores, consistent with the default configuration

used in RocksDB.

Unfortunately, LeaderKV is not an open source, Therefore, we are unable to include its perfor-

mance results. TridentKV is an open source, but it is highly unstable and works correctly only under

specific workloads. Nevertheless, for completeness, we provide a basic performance comparison

using db_bench.

5.2 Comparison with Other Learned-LSM trees
In the first set of experiments shown in Figure 11, we run the SOSD workloads using 32 clients to

compare the performance of LearnedLessDB with other KVStores. In the Load phase, all workloads

except FB and WIKI insert 600 million key-value pairs while the FB and WIKI workloads insert 200

million data. The WIKI dataset contains duplicate keys, so the number of unique keys is around 90.4

million. Balanced (read 50% and write 50%), Read-Heavy (read 90% and write 10%), and Read-Only

(read 100%) workloads perform 10 million queries.

3
Source codes are available at https://github.com/DICL/LearnedLessDB.
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Fig. 12. db_bench Performance. (Single client) Fig. 13. Model Building Time.

LearnedLessDB consistently outperforms HyperWiscKey and HyperBourbon. In particular, it

shows 22-43% and 25-42% higher throughputs than HyperBourbon(CBA and Always) under Read-

Only and Read-Heavy workloads, respectively. With relatively small (200 million data) datasets

- FB and WIKI, LearnedLessDB shows significantly better performance than all other KVStores,

including RocksDB. However, for larger datasets with mixed read/write workloads, LearnedLessDB

performs slightly worse than RocksDB. This is not due to learned indexing but rather differences

in concurrency control. We plan to improve our implementation of multi-threaded compaction in

HyperLevelDB for further optimization.

In the experiment shown in Figure 12, we compare the performance of TridentKV with Learned-

LessDB using the fillseq and readrandom workloads from db_bench. TridentKV works correctly

only when keys are inserted in a monotonically increasing order. Since TridentKV misplaces key-

values during compaction, over 99% of queries fail to find them. Additionally, it works only when a

single client submits queries despite its codebase is RocksDB. Therefore, for this experiments we

use a single client thread.

In the fillseq workload, the key ranges of SSTables do not overlap, so compaction only up-

dates the level information of SSTables without performing merge-sort. As a result, learned index

construction is triggered only when MemTables are flushed to disk. Since merge-sort is not per-

formed, HyperBourbon(CBA), HyperBourbon(Always), and LearnedLessDB all reuse the models

learned from L0 SSTables in the upper levels without modification. As a result, they show simi-

lar write throughput. It is noteworthy that TridentKV performs worse than RocksDB because it

creates learned models during compaction, i.e., learning blocks and slows down compaction tasks.

Interestingly, in the single-client setting, HyperWiscKey outperforms RocksDB, which enables

L0-to-L0 compaction, by a large margin. This is not related to learned index, but rather appears

to stem from differences in the codebase. The write performance of HyperBourbon is comparable

to HyperWiscKey, since the learning overhead of HyperBourbon is minimal in the single-client

setting.

Since merge-sort does not occur in the fillseqworkload, the learning overhead is minimized. As

a result, in the subsequent readrandom workload, HyperBourbon utilizes learned models for most

of the SSTables, and its read throughput is about 2× higher than HyperWiscKey. LearnedLessDB

also does not provide significant performance advantages. Notably, despite the fact that the models

generated via merging are less accurate than those constructed using the Greedy-PLR method,

LearnedLessDB still delivers read performance comparable to HyperBourbon.

5.3 Model Construction Time
Figure 13 shows the average model construction time of the proposed Learned-Less method

compared to the Greedy-PLR in the YCSB Load phase with varying the size of SSTables. This
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Fig. 14. Model Size. Fig. 15. Lookup Path Ratio. (HB: HyperBourbon, LL: LearnedLessDB)

(a) Key Comparisons. (b) Compaction Throughput. (c) CPU Cycles.

Fig. 16. Reduced Number of Key Comparisons.

measurement excludes merge-sorting and I/O time, and focuses solely on the time taken to construct

models. The time to either train ormerge learnedmodels is generally proportional to the SSTable size.

When increasing the SSTable size from 2MB to 64MB, the model construction time of Greedy-PLR

increases by approximately 31×. In contrast, LearnedLessDB’s construction time increases by about

22× starting from a significantly lower baseline. As the SSTable size increases, the performance

gap between the Learned-Less Index and the Greedy-PLR method widens further. Specifically,

LearnedLessDB is 434× faster at 2MB and 615× faster at 64MB.

Figure 14 shows the average number of segments per SSTable at each level, generated during

the YCSB Load phase. Level 0 models are built using the Greedy-PLR in both HyperBourbon and

LearnedLessDB. Since Level 0 SSTables span a wide key range, the key distribution tends to be

highly skewed, resulting in a large number of segments. In contrast, Level 1 SSTables are created

through merge-sort, and are split disjointly by key range, which leads to a more uniform key

distribution and a significant reduction in the number of segments. In addition, in HyperLevelDB-

based KVStores, the key range boundaries of Level-K SSTables (K>0) must be aligned with the key

boundaries of Level-(K+1) SSTables. As a result, while the size of SSTables at the bottom level (e.g.,

L3) is 64MB, the SSTables at the lower levels (e.g., L1 and L2) are often smaller than 64MB.

Merged models first appear at Level 2, where segments are generated by merging input intervals,

resulting in approximately 1.36x as many segments as in Level 1. Despite having more segments

than Level 1, merged models still produce significantly fewer segments than Greedy-PLR models in

higher levels at the cost of higher prediction errors. For example, at Level 3, merged models have

about 37% fewer line segments compared to Greedy-PLR models.

Model construction performance affects the time window during which the model can be used.

Specifically, if learning is slow, more queries use conventional index blocks. In the experiments
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(a) Compaction Throughput Normalized to HyperWiscKey. (b) CPU Cycles Normalized to HyperWiscKey.

Fig. 17. Normalized Compaction Throughput and CPU Cycles with Varying SSTable Sizes.

(a) YCSB (b) BOOKS (c) OSM

(d) FB (e) WIKI

Fig. 18. Prediction Error CDF. (HB(A): HyperBourbon(Always), LL: LearnedLessDB)

shown in Figure 15, we run YCSB C workload and measure the proportion of queries that use index

blocks, learned models, and merged models. In HyperBourbon(CBA) and HyperBourbon(Always),

model training falls behind. Even if learning threads construct PLR models, they are often quickly

removed by compaction due to its long queueing delay. This causes most queries to follow the

baseline path using index blocks. In contrast, LearnedLessDB constructs merged models for 75%

and 100% SSTables in Level 2 and 3, respectively. As a result, the learning thread has more available

CPU cycles and can spend them to construct PLR models for Level 0 and Level 1 SSTables without

queueing delay. Therefore, LearnedLessDB prepares models for Level 0 and Level 1 SSTables in

time, and nearly all lookups can be handled through the model path.
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(a) YCSB (b) BOOKS (c) OSM

(d) FB (e) WIKI

Fig. 19. Lookup Latency across Levels. (Index Block: HyperWiscKey, Model: LearnedLessDB)

5.4 Evaluation of Compare-Less Compaction
In Figure 16, we measure the number of key comparisons performed by compaction tasks during the

YCSB Load phase. Since LearnedLessDB performs key comparisons only in the event of collisions,

it reduces the number of comparisons by a factor of 9.86 and 39.47 during L1→L2 and L2→L3

compactions, respectively.

While the number of key comparisons drops dramatically, the improvement in compaction
throughput, i.e., the number of bytes processed by compaction tasks per unit time, is relatively

modest as shown in Figure 16(b). This is because a significant portion of the compaction time is

spent on I/O operations. This is also because, even though key comparisons are reduced, additional

computation is still required to use the models and check whether the predicted position is available

or occupied. Figure 16(c) shows the CPU cycles consumed during compaction, and the reduction in

CPU usage is roughly proportional to the compaction throughput improvement.

Figure 17(a) shows the normalized compaction throughput as the SSTable size is varied, with

results normalized to the throughput of HyperWiscKey. Figure 17(b) presents the number of CPU

cycles measured during the same experiments. LearnedLessDB reduces CPU cycles by a factor

of 1.13 to 1.47 compared to the baseline. For both compaction throughput and CPU cycles, the

performance gap between LearnedLessDB and the baseline widens as the SSTable size increases

because the speedup is defined as the ratio of the number of keys to the number of line segments.

5.5 Accuracy of Merged Model
Figure 18 shows the distribution of prediction errors, defined as the differences between the predicted
and actual positions, based on models generated for the default configuration of YCSB and SOSD

workloads. YCSB Load workload stores uniformly distributed keys, whereas the key distribution in

SOSD datasets is more complex.

In this experiments, we reduce the size ratio of adjacent levels in the LSM tree from 10 to 4. This

smaller ratio increases the number of levels and allows us to observe how repeated model merging
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Fig. 20. The Number of Merged and Re-
trained Models.

Fig. 21. Search Throughput under Varying Minimum
Number of Keys per Merged Segment.

affects the prediction error. Using this configuration, YCSB, BOOKS and OSM workloads result

in LSM trees with six levels, i.e., up to Level 5. The configuration labeled w/o Retraining refers
to a setting where merged models are reused across all levels without retraining. For HyperBour-

bon(Always), the prediction error is bounded by a fixed threshold of 8. This ensures that its error

does not exceed 8 across all workloads.

Interestingly, the WIKI workload exhibits even lower error than YCSB, and merged models still

achieve prediction accuracy comparable to that of Greedy-PLR-trained models. This is because

the WIKI workload has lots of duplicated keys, which results in fewer compaction and merge

operations. However, for other SOSD workloads, particularly OSM, disabling retraining causes

more than half of the queries to suffer from prediction errors greater than 10. It is noteworthy

that retraining significantly improves model accuracy: about 70–90% of queries benefit from low

prediction errors, comparable to those of learned models.

When the number of levels is small (e.g., four levels), retraining is rarely needed. However, as the

number of levels increases, retraining becomes more necessary. Interestingly, prediction error does

not correlate directly with the level depth. While Levels 0, 1, and 2 consistently show the lowest

prediction errors, among the upper levels, the error distribution varies depending on the workload.

Specifically, prediction error consistently increases from Levels 2 to 5 in YCSB, BOOKS, and WIKI

workloads. In contrast, for OSM and FB, the error at the last level is similar to the penultimate level.

For the same experiments, we measure the average lookup latency at each level when index

blocks, learned models, and merged models are used. Figure 19 shows that at L0, lookup latency is

high due to the large key range overlaps. Learned models achieve the lowest latency due to their

tight error bounds. Since merged models have larger error bounds, they have 5-23% higher latency

compared to learned models, but still 11-44% faster than the baseline path. In the FB workload,

there is little to no key overlap during L3→L4 compaction, so most SSTables move to the next level

without merge-sort. As a result, the latencies at L3 and L4 are similar.

Figure 20 shows the number of merged models generated under the workloads of Figures 18 and

19, along with the number of models that were retrained. Since the YCSB Load workload populates

keys in uniform distribution, the merged models achieve high accuracy, resulting in a low retraining

ratio of 0.3%. In contrast, real-world datasets with more complex distributions requires retraining

for 8–19% of the models.

Figure 21 shows the impact of adjusting the threshold for the minimum number of keys per

segment on read throughput. If the minimum key count is too small, many short segments are

created, which increases the overhead of locating the correct segment during a search. In contrast,

if the minimum key count is too high, the error of the merged segments may become excessive.
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Within a reasonable range, performance is insensitive to the threshold. We use 32 as the default

value.

6 Related Work
Linear regression models have been extensively studied and widely applied across many domains

including learned indexes [8, 15, 41]. Various linear regression model merging techniques such as

ARM (Average Regression Model) [6], FIC (Focused Information Criterion) [16], and BMA (Bayesian

Model Averaging) [30] have also been proposed over the years. These model merging techniques

have been used primarily to improve the accuracy of linear regression models, enhance their

stability by reducing variance, and minimize uncertainty in model selection by considering multiple

plausible models rather than just one. That is, these model merging techniques that have evolved

into ensemble methods in machine learning are fundamentally different from our Learned-Less

Index.

To the best of our knowledge, no prior work has explored merging linear regression models for

merge-sort, which is required in the context of log-structured learned indexes. The most closely

related effort to reduce model construction time is the sampling-based approach [7]. Sample EB-PLA

and Sample EB-Histogram are error-bounded sampling techniques that help reduce the index-

building time while maintaining competitive lookup performance and index size. While our work

focuses on model merging, sampling can be incorporated into L0 and L1 SSTables to further reduce

model construction time.

7 Conclusion
In this work, we develop a lightweight merging technique for learned indexes in LSM tree-based

KVStores. Merging existing linear regression models significantly reduces computational overhead

and avoids the cost of training learned models. Despite being less accurate than fully trained

learned models, merged models still provide much faster lookup performance than index block

search, Moreover, by generating models prior to compaction, merged models enable the model-

basedkcompaction, which leads to improved write performance.

We believe this work opens up new directions for future exploration. While our current approach

targets simple linear regression models, one promising direction is to employ more advanced

models, such as RadixSpline [22], LIPP [38], or ALEX [11], to further reduce prediction error.

Another possible direction would be to apply the model merging technique to other domains where

computational resources are constrained.
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