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Abstract—B+trees, the de facto standard for on-disk database
indexing, exhibit significant performance degradation in memory-
constrained environments due to frequent disk I/0O that accesses
out-of-cache index nodes during tree traversal. The recent
proposal of in-memory learned indexes promises substantial
reductions in index footprint by replacing traditional hierarchical
structures with compact learned models. However, they require
sorted data layouts for accurate lookups, which are costly to
maintain on disks, especially in the presence of writes. So far,
attempts to adapt learned indexes for on-disk use have yet to
fully realize the performance benefits of learned models: they
either incur massive disruptive data movement to maintain data
layout or introduce significant metadata overhead that negates
the space advantage of learned models.

We present DIndex, a new on-disk learned index tailored for
memory-constrained environments. DIndex efficiently supports
write operations while maintaining high read performance and
low index size. Key to DIndex’s design is the decoupling of
logical ordering from physical data layout and a set of techniques
that realize this decoupling with small metadata overhead.
Specifically, DIndex proposes to maintain model-compressed pivot
keys to guide error correction and a mapping table that associates
data blocks’ physical locations using an adaptive, variable-span
mapping scheme. Experiments show that DIndex outperforms
B+tree and other learned indexes by up to 28x in throughput
and reduces index size by up to 99%.

Index Terms—Index structures, learned indexes, on-disk in-
dexes.

I. INTRODUCTION

The B+tree [[L], [2], introduced over half a century ago,
continues to be the dominant indexing structure in on-
disk databases such as MySQL [3], PostgreSQL [4], and
SQLite [5]. Ideally, with sufficient memory, all internal nodes
of a B+tree should be cached in memory and a lookup
operation requires only one disk I/O operation to fetch the
leaf node. However, with the advent of large-dataset workloads
and low-cost edge devices, memory-constrained environments
are becoming increasingly prevalent. Prior work suggests that
production databases nowadays can even work with memory-
to-disk ratios that are less than 1:100 [6]], making it often
impossible to cache all internal nodes of a B-+tree.

In memory-constrained environments, there can be signif-
icant performance degradation for B+tree lookups when the
internal nodes are not fully cached. As Figure [T shows, B+tree
shows up to a 45% drop in throughput when the memory-to-
disk ratio is reduced from 1/10 to 1/300. This drop is mainly
due to the additional I/O operations incurred by accessing
internal nodes. We refer to the total size of the internal nodes
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Fig. 1: 1-thread throughput and I/Os per query for B+tree,

AULID, and Hybrid-PGM-Disk (fb dataset, 64-byte records,
read-only workload).

as the index size in this paper. Even with fast storage like
SSDs, I/0 operations still account for >95% of the total search
time. As a result, a single additional I/O operation can nearly
double the search latency and reduce the throughput by half.

Recently, the learned index [7]] and its variants [8]], [9],
[LO], [LL, [12], [13] have emerged, showing the potential of
applying machine learning (ML) techniques to reduce index
memory footprint. Notably, a two-orders-of-magnitude index
size reduction compared to B+tree has been reported [7].
Unlike B+tree, which uses a hierarchical structure to locate
a target key, a learned index uses learned models to directly
predict the data location based on the query key. This approach
eliminates the need for internal node hierarchies and requires
only a small set of learned models, e.g., 150kB models for
200 million records [7]], significantly reducing the index size.
Therefore, although originally designed for in-memory use,
learned indexes present an opportunity to avoid the I/O opera-
tions of on-disk B+trees in memory-constrained environments.

However, due to the performance disparity between disk
I/O and in-memory operations, adapting the learned index for
on-disk use faces one major challenge: maintaining sorted
data layout in the presence of write operations. The model’s
predicted location may not be the exact location of the target
key due to the model’s error. Such inaccuracy necessitates a
search procedure (sometimes called the last-mile search [14])
to pinpoint the exact location of the target key. Efficient
execution of this search, typically using algorithms like binary
search around the predicted location, requires the data to be
contiguously sorted. Therefore, when naively porting learned
indexes to disk, write operations would cause massive disk
data movement to maintain sorted order, which would be
prohibitively expensive even for MB-scale datasets.

Prior work has been proposed to support writes in on-
disk learned indexes. However, new issues are introduced that
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Fig. 3: 1-thread throughput over time (fb dataset, 64-byte

records, read:write = 5:5).

cause significant performance degradation, in some cases even
worse than a B+tree. Hybrid-PGM-Disk [13] is an on-disk
learned index that targets SSD environments. It adopts designs
from in-memory updatable learned indexes to use a dynamic
index to handle writes. This dynamic index buffers writes and
is periodically merged with the main index. However, these
merge operations are costly: they require reading the entire on-
disk index, integrating the buffered writes from the dynamic
index, and rewriting the combined data to disk. Consequently,
the performance of foreground reads and writes is significantly
degraded during the merge process. This leads to low overall
throughput up to 26x worse than a B+tree (Figure [2), and
high performance fluctuations (Figure [3).

Alternatively, AULID [12] avoids the costly operations by
partitioning the data layout into many small 4kB pages, such
that data ordering is only maintained within individual pages.
Since the underlying learned model still requires a globally
sorted view of the data, AULID employs a layer of indirection
to map the sorted logical order to scattered physical page
locations. A drawback of scattering logically adjacent pages
is the potential amplification of lookup costs when a search
might access multiple such pages. To mitigate this, AULID
stores a pivot key for each page along with its mapping entry,
allowing unnecessary page lookups to be pruned by comparing
the query key against the pivot keys. While AULID effectively
avoids the write overhead and performance fluctuations caused
by merging dynamic indexes, its additional metadata (pivot
keys and mapping tables) incurs significant memory overhead.
Figure [I| reveals that AULID is even 30% slower than B-+tree
in memory-constrained environments due to additional 1/O
operations to read its metadata.

This paper proposes DIndex, an on-disk learned index that
efficiently supports write operations with no merge-related
performance degradation and a small index size. Similar to
AULID, DIndex utilizes additional metadata to localize data
movement and avoid unnecessary page access during lookup.

However, instead of the plain pivot key representation and

fixed-span mapping scheme, DIndex reduces the metadata size

with the following two key design choices. First, we observe
that only the relative order between pivot keys and the query
key is required during error correction. For instance, given
pages ¢ and ¢ + 1 with pivot keys p; and p;;;, determining
if query key ¢ falls into page ¢ only requires checking if
pi £ g < pi+1, and the exact numerical difference is not
necessary. Therefore, DIndex employs an order-preserving
compressor based on learned models to map pivot keys to
compact representations as the metadata. Second, we observe
that a mapping entry does not necessarily need to have a fixed
span, i.e., pointing to only one on-disk page. For example, if
multiple logically adjacent pages are stored contiguously on
disk, a single mapping entry can provide the mapping informa-
tion for all these pages. Therefore, DIndex employs a variable-
span mapping scheme and introduces runtime mechanisms to
identify data regions with infrequent insertions and reorganize
their physical layout to exploit this space-saving opportunity.

We evaluated the performance of DIndex against B+tree
and state-of-the-art learned index baselines including Hybrid-

PGM-Disk and AULID. DIndex achieves up to 28X the

throughput of existing indexes and reduces index size by up to

99%. We have also integrated DIndex into MySQL, showing

that it can achieve up to 2.1x the performance of InnoDB

in the TPC-C benchmark [15]. DIndex is open-sourced at
https://ipads.se.sjtu.edu.cn: 1312/opensource/dindex.
In summary, our work makes the following contributions:

« We analyze the challenges of adapting learned indexes for
on-disk usage in memory-constrained environments, and
identify the limitations of existing solutions.

o We propose DIndex, an on-disk learned index that uses
model-based pivot key compression and a variable-span
mapping scheme to efficiently handle writes while main-
taining high read performance and low index size.

o We implement and evaluate DIndex, showing that DIndex
achieves up to 28x higher throughput than other learned
indexes, and outperforms InnoDB by up to 2.1x when
integrated into MySQL.

II. BACKGROUND AND MOTIVATION
A. The Learned Index

Recent work on the learned index [7)], [8], [10], [9], [LL]
provides a new way to build fast and space-efficient indexes.
Learned indexes use ML models (e.g., linear regression) to
accelerate the routing procedure from a key to its position
during index lookup. Specifically, given a sorted array of key-
value pairs, the model is trained with (key,pos) pairs to
learn the position of each key in the array. Since models
may have prediction errors, to guarantee correctness, the
learned index bounds the search space by recording the
maximum error in both directions. It stores the maximum
negative error max_neg_err and the maximum positive er-
ror max_pos_err, which represent the largest distances the
model’s prediction can be from the actual position. There-
fore, a lookup involves two steps. First, the trained model
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TABLE I: Comparative analysis of index structures. Read /O
complexity refers to the asymptotic growth of I/O operations
relative to data size n.

Index Size Write Handling Read I/O Complexity

Index Structure

B+tree High In-place O(logn)
Hybrid-PGM-Disk Low Buffer + merge o(1)
AULID High In-place O(logn)
DIndex Low In-place o(1)

predicts a position pos_pred. Second, it performs a search
within the error range [pos_pred—max_neg_err, pos_pred+
maz_pos_err] to find the target record.

By replacing the hierarchical tree structure with an ML
model, the learned index can significantly reduce the index size
compared with B+tree. Ideally, even in memory-constrained
environments, all models could be cached in memory, incur-
ring no index-related I/O cost during lookups.

B. Existing on-Disk Learned Indexes

The original learned index was designed as an in-memory
index, and researchers have since proposed to adapt it for on-
disk usage, including Hybrid-PGM-Disk [13]], AULID [12],
TreeLine [16] and FILM [17]]. In this section, we analyze
Hybrid-PGM-Disk and AULID as two representative solutions.
Table [[ presents a comparative analysis of these indexes.

1) Hybrid-PGM-Disk: Figure [5(a) shows the architecture
of Hybrid-PGM-Disk. It stores key-value pairs as a sorted
array within a file and employs a two-layer PGM model
to predict the file offset for a given query key. To mitigate
the overhead associated with prediction errors, Hybrid-PGM-
Disk performs a single large I/O operation to fetch all data
blocks within the predicted range. This approach is more
efficient than fetching each data block individually, as modern
storage devices like SSDs support parallel reads. The read I/O
complexity of Hybrid-PGM-Disk is O(1) as it has a constant-
bounded error range irrelevant of the data size. Since the
sorted array structure makes insertions difficult, Hybrid-PGM-
Disk incorporates a dynamic index to buffer write operations.
This dynamic index is limited to a maximum size (defined by
a preset ratio relative to the on-disk data size) and is merged
with the static index when this limit is reached.

Unfortunately, the periodic merge operation introduces sig-
nificant overhead. A merge requires reading all data from both
the dynamic and static indexes, sorting the combined data,
and writing the result back to disk. During this process, the
index becomes almost unavailable for new requests because
the merge operation saturates disk bandwidth. The cost of
this merge is proportional to the total data size (i.e., the
number of records multiplied by the record size). As Figure [
demonstrates, the merge duration increases dramatically with
larger datasets (e.g., from 1s with 15M records to 10s with
150M records) and larger record sizes (e.g., from 10s with 64-
byte records to 40s with 256-byte records). Data sizes of this
scale are representative of practical workloads. For instance,
the YCSB [[18]] benchmark uses 120M records with 1kB record
size, and TPC-C [[15] includes tables with record sizes ranging
from 32 to 596 bytes.
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Fig. 4: 64-thread throughput of Hybrid-PGM-Disk over time
(fb dataset, read:write = 5:5). B=bytes per record; M=million
records.

Key-value separation, employed by systems such as Wis-
cKey [19] and HashKV [20], offers a potential solution to
reduce the merge cost when dealing with large records. This
technique stores values separately in a value log, leaving the
index structure to manage only keys and pointers to value lo-
cations. Nevertheless, this separation introduces additional I/O
overhead during read operations. Each read operation requires
first looking up the index to find the value’s location, and
then performing a second read from the value log to retrieve
the actual data. According to our experiments, Hybrid-PGM-
Disk with key-value separation achieves only 75% of B-+tree’s
throughput in read-only workloads, essentially negating the
read performance advantages expected from the learned index.

2) AULID: Figure [5(b) shows the architecture of AULID.
It organizes its index as a tree consisting of different types of
nodes. Key-value pairs are stored in 4kB data blocks. Its read
I/O complexity is O(logn) as it has an O(logn) tree height
due to its use of the FMCD algorithm in LIPP [21]], where
n is the dataset size. To reduce update costs, AULID stores
these leaf nodes unordered on disk and maintains a mapping
(i.e., pointers) from logical leaf node IDs to their physical
disk locations. Thus, when an insertion splits a full leaf node,
only half its data needs to be moved to a new node, followed
by an update to the mapping table. Compared with Hybrid-
PGM-Disk, this design moves less data. However, storing leaf
nodes unordered increases misprediction penalties, as locating
the target record may require multiple random page accesses.
To mitigate this, AULID maintains a pivot key for each leaf
node, allowing for mispredictions to be corrected with pivot
key comparisons before reading pages from disk.

This approach, however, sacrifices one of the primary ad-
vantages of learned indexes, the reduced memory footprint.
The additional metadata for each data block results in an index
size comparable to or even larger than a B+tree, effectively
eliminating any memory efficiency benefits. We compare the
performance and the number of I/O operations per read
operation of B+tree and AULID in Figure |1} We also include
the results of Hybrid-PGM-Disk in the figure for reference.
In this read-only workload, Hybrid-PGM-Disk does not suffer
from the merge overhead, so it achieves the highest throughput
with the number of I/Os per query close to 1. However, due
to the high memory usage of AULID, it performs even worse
than the B+tree, with up to 35% performance degradation.
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C. Observations

The following two key observations enable DIndex to
reduce the memory overhead of AULID while avoiding the
merge overhead of Hybrid-PGM-Disk.

Correcting mispredictions does not require full pivot keys.
While pivot keys help correct prediction errors, it is not
necessary to store the full pivot keys as the metadata. The
core routing decision, i.e., selecting the correct child node for
a query key, depends only on the relative order of the query
and pivot keys, not their absolute values. Consequently, order-
preserving compression can be utilized to reduce the space
overhead of the pivot keys.

Interestingly, we find that the ML model can serve as such a
compressor, provided the model guarantees monotonicity. The
model takes a key as input and predicts its logical position.
We can then scale the model output to a smaller integer than
the original key to achieve compression. Compressing an 8-
byte key into a 4-byte integer in this way achieves a 50%
compression rate. Compared to traditional order-preserving
compressors such as null suppression and delta encoding [22],
the ML model offers a deterministic compression ratio.

Fixed-span mapping entries can be redundant. The mapping
table enables leaf node retrieval by logical ID, decoupling the
logical node order from physical storage locations and thus
permitting non-contiguous disk layouts. However, we observe
that maintaining per-leaf mapping entries can be redundant if
a span of leaf nodes is reorganized to be sorted and stored
contiguously on disk. In such cases, a single mapping entry
pointing to the start of the span suffices, and the physical
locations of subsequent nodes can be calculated using offsets
from the first node’s location. If a subsequent insert operation
requires a leaf node split within this contiguous span, the per-
leaf mapping can be rebuilt to avoid data movement. There-
fore, variable-span mapping entries give us an opportunity to
reduce the mapping table size at the cost of data movement
during reorganization.

Furthermore, we find that access patterns are helpful in
reducing the performance impact of reorganization. Specifi-
cally, for a range of leaf nodes that are read-only, or only
experience in-place updates that do not cause node splits, the

reorganization would be beneficial since the per-leaf mapping
may not be rebuilt shortly. This type of access pattern is
prevalent in many OLTP workloads. For instance, in relational
tables with auto-increment primary keys, new records are
always appended to the last leaf node, ensuring that previous
leaf nodes remain unchanged and can be stored contiguously.

III. DINDEX DESIGN AND IMPLEMENTATION
A. Key Designs

1) Model-Based Pivot Key Compression for Error Han-
dling: DlIndex uses the ML model to map pivot keys to
compact integer representations, which we term sentinels, and
store the sentinels to correct mispredictions. The model first
predicts a logical position for a key, and this position is then
scaled to the entire range of a smaller integer space. However,
the model can thus only guarantee a non-decreasing property
due to the loss of resolution when mapping a large key space
to a smaller integer space: for any two keys ki1 < ko, the
model’s scaled output f ensures f(k1) < f(k2), but not
the strict inequality f(k;) < f(k2). This limitation implies
that comparing the scaled output f(gq) for a query key g¢
against stored sentinels might fail to pinpoint the correct
data block. For instance, if ¢ belongs to the ¢-th leaf node
(pi £ q < Dpiy1), it is possible that the scaling process results
in f(p;) = f(¢) = f(pi+1). In such cases, it is impossible
to determine from the sentinels whether ¢ belongs to the ¢-
th or the (i 4+ 1)-th leaf node. We term this issue sentinel
collision. We handle such collisions in two ways. First, we
design the learned model to reduce sentinel collisions. Second,
if a collision happens, DIndex has a verification step to check
if ¢ lies within the range of the candidate block. If not, DIndex
redirects the search to the correct, adjacent block.

2) Variable-Span Mapping Scheme for Write Handling:
DIndex uses a variable-span mapping scheme where some
mapping entries point to a single data block while others point
to a contiguous range of data blocks. As shown in Figure [6]
DIndex performs dynamic transitions between these two types
based on the access patterns. It employs a background thread
to identify ranges that have been static (no insertions) for a
predefined period. For such ranges, the thread physically sorts
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the blocks and replaces their mapping entries with a single
entry pointing to the first block. Conversely, if an insertion
operation (e.g., key ko) occurs within a contiguous range of
data blocks and requires a data block split, DIndex rebuilds
the mapping entries to allow for data block splits. This reverse
process is efficient as it only requires rebuilding the relevant
mapping entries without data block movement.

B. Architecture and Workflow

Figure [5|c) illustrates the three-layer architecture of DIndex,
consisting of a single root node at the top, multiple segment
nodes in the middle, and numerous data blocks at the bottom.
The root node routes query keys to the appropriate segment
node. Each segment node, responsible for a specific range of
data blocks, then uses an ML model to direct the query key
to the correct data block within its range.

The root node contains an array of pivot keys and a mapping
table. Each pivot key represents the smallest key within a
segment, and the mapping table stores the on-disk address of
each segment node. The root node is pinned in memory since
it is used in every read and write operation. When looking
up the root node, binary search is used to find the correct
segment node for the given query key without involving an
ML model, since in-memory binary search incurs negligible
latency overhead compared to disk I/Os.

Each segment node contains a learned model, an array of
sentinels, and a mapping table. Given a query key as input,
this model predicts the position of the target data block within
the segment. The sentinel array is computed using the model
and the pivot key (the smallest key) of each data block in
the segment. Each segment node manages either physically
contiguous, sorted data blocks (termed sorted segments), or
logically ordered, unsorted but linked data blocks (termed
unsorted segments). For sorted segments (such as the left
and the right segments in Figure [5(c)), DIndex uses a single
mapping entry to store the start address of the data blocks. For
unsorted segments (such as the middle segment in Figure[5{c)),
DIndex keeps a mapping entry for each data block it manages.
DIndex adopts 4-byte uint32_t as the sentinel type. While
smaller sentinels are possible, we find that 4-byte sentinels
strike a balance between memory overhead and collision rate.
As will be shown in Section [V-D6] there is no collision with 4-
byte sentinels for all the integer key datasets, but the collision
of 2-byte and 1-byte sentinels could cause up to 0.2 and

even 8.0 additional disk I/Os per read operation, respectively.
Segment nodes are fixed at 4kB, stored on disk and cached in
memory as needed.

Data blocks are analogous to B+tree leaf nodes and store the
actual key-value pairs. DIndex adopts the well-known slotted
page organization [23] to support variable-length keys and
values. Each data block includes a pointer to the next logical
block to support range scans. Similar to segment nodes, each
data block is fixed at 4kB, and the frequently accessed data
blocks are cached in memory.

C. Model Design

DIndex maintains a piecewise linear model in each segment
to predict data block positions and compress sentinels. The
model is trained on a list of (key, pos) pairs, where each key
is the pivot key of a data block, and the position is the index
of the data block in the segment node. The learned model
stores a subset of the pairs to serve as the knots, which are
connected by straight lines to form a linear spline. To predict
a position, DIndex performs linear interpolation between the
two consecutive knots a key falls between. If a key is greater
than all knots, the predicted position is that of the last knot.

As discussed in Section sentinel collisions arise
when distinct keys are mapped to the same integer. To mitigate
this, our knot selection process minimizes these collisions
within a predefined memory budget for the model. We employ
an iterative greedy algorithm to choose the set of knots. It
begins with two knots: the first and last (key, pos) pairs. The
algorithm then identifies ranges with sentinel collisions. In
each iteration, the algorithm identifies the longest range of
keys with sentinel collisions and adds its start and end keys
to the knot set. After adding these new knots, it performs a
pruning step, removing any existing knots that have become
redundant to conserve memory. This process is repeated until
the model space is exhausted or no sentinel collisions remain.

For non-numeric keys such as string keys and composite
keys, DIndex requires a numerical representation for model
computation. DIndex interprets the key’s raw byte representa-
tion as a large, big-endian integer in base-256. Furthermore,
when the dataset has a known, limited character set (e.g.,
email addresses), DIndex uses a more compact base to reduce
skewness among transformed integers.

D. Basic Operations

DIndex provides five basic index operations: get, put,
delete, scan, and bulk load. In this paper, we focus
on the algorithms for get, put, and bulk load. We omit
detailed discussion of the other two operations: delete is
similar to put because we use logical deletion, and scan
is straightforward to implement since the data blocks are
chained together. To simplify the presentation, we assume
all segment nodes are unsorted segments and describe the
algorithms in a single-threaded setting without crash recovery
support. Extending the operations to support sorted segments
is straightforward. Concurrency and crash recovery support are

discussed in Sections [III-F| and [III-G| respectively.



Algorithm 1: Get Operation

Algorithm 2: Put Operation

1 Function LocateDataBlk (key) :

// @ Root node lookup

2 | seg_id < BinarySearch (root.pivot_keys, key)

seg_location < root.mapping[seg_id]

// @) Segment node lookup

seg_node <— LoadSeg (seg_location)

pred_val < Predict (seg_node.model, key)

pred_blk_id «+ |pred_val|

pred_scaled < ScaleToUint32 (pred_val)

blk_id < ExpSearch (seg_node.sentinels, pred_scaled,
pred_blk_id)

9 blk_location <— seg_node.mapping[blk_id]

// Q Data block lookup

10 data_blk < Loadblk (blk_location)

// (@ Collision handling

w

[ S - Y

11 while key < MinKey (data_blk) or key >
MaxKey (data_blk) do

12 if key < MinKey (data_blk) then

13 Lblk_id < blk_id - 1

14 else

15 Lblk_id <« blk_id + 1

16 blk_location < seg_node.mapping[blk_id]

17 data_blk < Loadblk (blk_location)

18 | return (seg_node, data_blk, blk_id)

19 Function Get (key) :

20 (seg_node, data_blk, blk_id) <— LocateDataBIk (key)
21 value < BinarySearch (data_blk.kv_pairs, key)

22 | return value

1) Get: The get operation, detailed in Algorithm [I] tra-
verses the three-layer index structure of DIndex as follows.
(D Root node lookup. First, DIndex performs a binary search
on the pivot keys to identify the target segment node. Since
the root node resides entirely in memory (as discussed in
Section [[II-B)), the cost of this binary search is negligible
compared to subsequent disk I/O operations. Next, DIndex
consults the root node’s mapping table to retrieve the disk
location of the identified segment node. ) Segment node
lookup. Segment nodes are stored on disk and managed by
a buffer pool. If the required segment node is not present in
the buffer pool, DIndex fetches it from disk. Once the segment
node is in memory, DIndex uses its learned model to predict a
candidate data block ID (pred_blk_id) and also scale the pre-
dicted value to an integer (pred_scaled) to compare with the
sentinels. An exponential search, starting from pred_blk_id,
compares pred_scaled against the sentinel values to locate the
target data block ID (blk_id). This search identifies the block
blk_id satisfying the following: 1) If pred_scaled matches
one or more sentinel values, blk_id is the index of the
first block whose sentinel equals pred_scaled. 2) Otherwise,
blk_id is the index of the block corresponding to the sentinel
with the largest value strictly less than pred_scaled. Finally,
DIndex uses the segment node’s mapping table to find the
disk location of this target data block. @) Data block lookup.
Data blocks also reside on disk and are managed by the
buffer pool. DIndex fetches the target data block from disk
if it is not already buffered. Once the block is in memory,

1 Function Put (key, value) :

// Q Data block lookup and insertion
2 (seg_node, data_blk, blk_id) <— LocateDataBIk (key)
3 | if HasSpace (data_blk, key, value) then
4 LUpdateOrInsert (data_blk, key, value)
5 else
// @) Data block split
6 (new_data_blk, new_blk_location) +—
AllocNewDataBIK ()
7 new_sentinel <— SplitDataBIk (data_blk,
new_data_blk, key, value)
// Update parent segment node

8 if HasSpace (seg_node) then
9 UpdateSegment (seg_node, new_sentinel,

new_blk_location, blk_id+1)
10 ScheduleRetrain (seg_node)
11 else

// @ Segment node split
12 (new_seg_node, new_seg_location) <—

AllocNewSegmentNode ()
13 new_pivot < SplitSegmentNode (seg_node,

new_seg_node, new_sentinel, new_blk_location)
14 ScheduleRetrain (seg_node)
15 ScheduleRetrain (new_seg_node)
16 UpdateRoot (root, new_pivot, new_seg_location)

DIndex verifies if the query key lies within the block’s key
range [min_key, max_key|. If the key is within the range,
DIndex performs a binary search within the block to find
the corresponding value. @ Collision handling. Otherwise, if
the key is outside the expected range, DIndex reads adjacent
blocks until the block containing the key is found. The three-
layer structure of DIndex ensures its read I/O complexity O(1)
as it has a fixed index depth, and I/O for collision handling are
always contained in a single segment node. Such collisions
are rare in practice. Section [V-D6| demonstrates there is no
collision for all the integer key datasets and on average 0.1
collisions per query for the string key datasets.

2) Put: The put operation is responsible for both update
and insert operations, detailed in Algorithm [2| It performs the
following steps. (D Data block lookup and insertion. It first
locates the target data block for the given key, similar to a read
operation. If this block has sufficient capacity, DIndex simply
performs the update or insertion directly within that block. 2)
Data block split. Otherwise, a data block split is necessary.
DIndex allocates a new data block and redistributes approx-
imately half of the key-value pairs from the original block
to the new one. The new key-value pair is then inserted into
the appropriate block. This split involves updating the parent
segment node to include a new sentinel key and a reference to
the newly allocated block. To maintain model quality, DIndex
schedules a retraining task for the segment node when the
number of insertions to the segment since the last retraining
exceeds a threshold. DIndex employs a background thread to
handle these retraining tasks asynchronously, ensuring they do
not block the main execution threads. 3) Segment node split.
If the segment node is also full during this update, DIndex



recursively splits the segment node, schedules retraining tasks
for both the original and the newly created segment nodes, and
inserts the pivot key and mapping entry of the newly created
segment node into the root node.

3) Bulk load: Dlndex supports bulk loading to efficiently
initialize the index from a given set of key-value pairs via
a bottom-up approach. First, the key-value pairs are sorted
and DIndex fills one data block with key-value pairs in an
ascending order until it becomes 70% full, and then continues
with the next data block. The remaining 30% of the space
is reserved for future insertions. These data blocks are then
grouped into segment nodes, where each segment node also
reserves 30% of empty space. The model training procedure
occurs during the construction of these segment nodes. Finally,
DIndex constructs the root node using the generated segment
nodes, completing the index structure.

E. Variable-Span Mapping Support

As described in Sections and DIndex utilizes
a background thread to identify unsorted segments with no
insertions for a period. This thread reorganizes the data blocks
within the identified segments into sorted and contiguous data
blocks, and transforms the segment into a sorted segment.
However, since segment nodes have a fixed 4kB size, eliminat-
ing the mapping table only frees up internal space rather than
reducing the index size. To overcome this inefficiency, DIndex
implements a merging strategy. It checks for adjacent segment
nodes that are both eligible for reorganization. If found,
DIndex merges them into a single sorted segment. DIndex
updates the root node to remove the previous two segment
nodes and add the new segment. This merging process is
designed to be conservative (e.g., when the two segment nodes
have not had insertions for 10 minutes), aiming to minimize
the write overhead associated with data movement. DIndex
also includes a restoration mechanism when an insertion is
performed on a merged segment node, and the data block
does not have enough space to accommodate the new key-
value pair. In this case, DIndex rebuilds the per-block mapping
entries to support data block splits. The restoration is more
lightweight than merge since it does not incur data block copy.

As mentioned in Section the data access pattern in
OLTP applications makes the reorganization infrequent and
the variable-span mapping scheme beneficial. Even in database
systems using multi-version concurrency control (MVCC),
where logical updates are implemented as physical insertions
at the storage layer, reorganization may still be infrequent.
This is because data blocks typically contain reserved space to
accommodate new insertions without triggering splits, similar
to B+trees. As old versions become obsolete and are reclaimed
through garbage collection, the freed space continues to buffer
future insertions, further reducing the likelihood of splits that
would necessitate reorganization.

F. Concurrency Support

DIndex supports concurrent get and put operations by
employing the standard latch coupling protocol [24] for coor-

dinating access to its hierarchical structure. Each node within
the index is equipped with its own read-write lock (latch).
To ensure safe traversal during concurrent operations while
preventing deadlocks, DIndex strictly adheres to the latch
coupling rule: a latch on a child node is always acquired before
the latch on its parent node is released.

Specifically, for a get request, DIndex acquires the lock in
the following order: (D Acquire a read lock on the root node
and identify the target segment node. 2) Acquire a read lock
on the identified segment node, release the read lock on the
root node, and determine the target data block. 3) Acquire
a read lock on the predicted target data block. If the key is
not within the current data block’s range (due to a sentinel
collision), DIndex needs to examine adjacent data blocks. This
is achieved through releasing the lock on the current data block
and acquiring a read lock on the appropriate neighboring data
block. This process repeats until the data block containing the
key’s range is found and locked. The read lock on the segment
node is not released until the correct data block is locked. @)
Release the lock on the data block after the key is found.

The put requests follow a similar lock acquisition pattern,
but DIndex adopts a write lock at the data block level. If the
data block has sufficient space, the request inserts the record
and releases the write lock. However, if the data block is full
and requires a split, the current attempt is aborted, and the
put operation is restarted with an escalated locking strategy.
Specifically, the restarted put operation attempts to acquire
write locks on both the segment node and the data block.
Furthermore, if the segment node itself is full, the operation
must be restarted again. This time, it acquires write locks on
the root node, the segment node, and the data block to safely
perform the cascading split.

G. Crash Recovery

As an on-disk index, DIndex ensures crash recovery using
the Write-Ahead Logging (WAL) protocol, with a recovery
algorithm based on ARIES [25]]. This process guarantees that
all completed operations are durably persisted, while any
modifications from incomplete operations are rolled back.
Specifically, during write operations, DIndex generates log
records for all index modifications, such as node insertions,
node allocations, and data movement between nodes. Each
operation is bracketed by begin and commit log records to
delineate its boundaries. In accordance with the WAL protocol,
DIndex forces log records to disk before the modified index
pages are written back, and before acknowledging comple-
tion to the user. DIndex also performs periodic ARIES-style
checkpointing to bound the amount of work required during
recovery. The recovery process follows the standard three
phase approach of ARIES, including analysis, redo, and undo.

H. Implementation

We implemented DIndex as a C++ library with approxi-
mately 6k lines of code that runs on POSIX-compliant file
systems such as Ext4. For disk I/O operations, DIndex uses
the pread and pwrite syscalls with the O_DIRECT flag



to bypass the operating system’s page cache. Instead of
relying on OS caching, DIndex maintains its own buffer pool
with a configurable maximum size for caching pages and
managing page latches. This buffer pool employs a clock-
based page replacement algorithm and writes dirty pages back
to disk upon eviction. To handle background maintenance
tasks, DIndex employs two dedicated threads: one for model
retraining and another for data block reorganization. These
threads execute their tasks when disk utilization is low to
avoid interfering with the main execution threads. To support
model computations on non-numeric keys, DIndex utilizes
boost::multiprecision: :cpp_int as the big integer
type mentioned in Section [[II-C|

IV. DISCUSSION

Rationale for the Three-Layer Design. While it might
seem appealing to use a deeper hierarchy than the current
three-layer structure, we find our current design sufficient for
a wide range of dataset sizes. Replacing the large flat root node
with more tree-like layers has two benefits: 1) helps shorten the
time spent on searching in memory and 2) allows paging in and
out the index metadata at finer granularity so that the index can
work with extremely large datasets. However, read latency is
dominated by disk I/O, and additional layers will only increase
the contention for cache. Regarding indexing capability, we
find that our current design is sufficient for indexing petabyte-
scale datasets with 16GB memory (to host the root node).
Since it takes a decade for premium SSDs to grow from 15TB
to 122TB [26], [27]], we believe DIndex will remain applicable
in the near future, except for rare extreme settings where the
storage capacity grows drastically (e.g., via SSD arrays) yet
the memory capacity remains customer-grade.

Benefits to Other Database Systems. While our evaluation
shows DIndex’s performance in the context of a relational
database (MySQL), DIndex could potentially benefit other
database systems. For LSM-tree-based key-value stores, DIn-
dex can be used as the data organization within each SSTable.
The root and segment nodes serve as the index of an SSTable,
which has smaller metadata overhead compared to the original
index block. This could reduce the additional I/O cost of
reading index blocks. For column stores, which organize data
into large blocks called chunks that are primarily accessed
through scans, DIndex is better suited for indexing metadata
(e.g., chunk locations) than for organizing the data within the
chunks. For vector database systems, a second-stage retrieval is
required to fetch the attributes for the top-K IDs. This process
involves batch point lookups on random IDs, and DIndex’s
small memory footprint can also potentially reduce the number
of I/Os in this stage and improve the end-to-end performance.

V. EVALUATION

We evaluate DIndex to answer the following questions:

« How does DIndex’s performance and index size compare to
B+tree and other learned indexes?

e Does DIndex bring end-to-end performance improvement
when integrated into a complete data management stack?

o How is the performance of DIndex affected by different
factors (e.g., record size, dataset)?
« How effective are DIndex’s core design choices?

A. Setup

1) Testbed: All experiments were conducted on a server
equipped with two 12-core Intel Xeon E5-2650 v4 CPUs. We
utilized an NVMe Solid State Drive (Samsung 970 EVO Plus,
2TB) as the storage device and Ext4 as the file system. We
limited the available memory for each index to 1/75 of the
total dataset size by default.

2) Configuration: DIndex uses 4-byte sentinels across all
datasets and configures model space limits for segment nodes
based on key types. For integer keys, it reserves 32 bytes for
the model space (as a single-piece linear spline introduces no
sentinel collision). For other key types, it reserves 1,024 bytes
for the model space

3) Datasets: Throughout the experiments, we used 8 inte-
ger datasets and 3 string datasets. The integer datasets are of
type uint 64, with 6 datasets (£b [28], amzn [28], osm [28]],
covid [29], planet [29] and genome [29]) having 200
million keys and 2 datasets (amzn-1 [28] and osm—-1 [28])
having 800 million keys. The 3 string datasets (reddit [30],
email [31] and wiki [32]) contain 26 million (average
length 11 bytes), 100 million (average length 24 bytes) and
47 million (average length 20 bytes) keys, respectively. We
varied value sizes across experiments, creating record sizes
(key + value) that ranged from 16 to 256 bytes.

4) Counterparts: DlIndex is compared against the tra-
ditional B+tree, 4 learned index counterparts for integer
keys (Hybrid-PGM-Disk [13]], AULID [12], TreeLine [16]],
FILM [17]) and 1 learned index counterpart for string keys
(LITS-D [33]]). For the learned index structures, the imple-
mentations are obtained from their open-source repositories.
These indexes are configured as follows.

B+tree: We used the B+tree implementation from [34],
which incorporates fine-grained concurrency [2]. It uses a
fixed-size 4kB page for each node and the branching factor
is determined by the number of keys and pointers that can
fit into the page. Approximately, the fan-out is 120 when
indexing integers, and that of string datasets ranges from 77 to
109. We modified this implementation to bypass the OS page
cache and use a self-managed buffer pool with configurable
memory budget. Hybrid-PGM-Disk: Hybrid-PGM-Disk has
two configurable parameters ratio and R,. By default, we
set ratio = 1 : 200 and R, = 1.05. For experiments with
different memory budgets (Section[V-D3), the ratio parameter
is adjusted proportionally. Any memory not allocated to the
dynamic index or the model serves as a cache for static
data. AULID: The open-source implementation of AULID
relies on the OS page cache to speed up read operations.
Therefore, we used cgroup to limit the maximum memory
usage during experiments. TreeLine: We ensured the size

'"When the memory budget and key distribution are unknown in advance,
a simple exhaustive search can be performed to determine the optimal
combination of sentinel size and model space allocation.
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of its record-level cache and in-memory data structures do
not exceed the memory budget. We chose the configuration
parameters of TreeLine as suggested by its paper (goal = 44
and epsilon = 5). FILM: We configured FILM so that its
memory index structure and the cached values for hot keys
do not exceed the memory budget. LITS-D: Since LITS is
designed for in-memory settings, we modified it to store all
nodes on disk and use a buffer pool for caching frequently
accessed pages.

In the following experiments, the results for AULID are only
presented for the single-thread configuration since it does not
support concurrency. TreeLine and FILM are only presented
in Section where larger memory budgets are used,
as their minimum memory requirements exceed our default
budget.

B. YCSB Benchmark

We first compare each index structure using the YCSB [18]]
benchmark on the fb dataset. The YCSB workloads exhibit
non-uniform access patterns: YCSB-D demonstrates tempo-
ral locality by reading recently inserted keys, while other
workloads follow skewed access patterns using a Zipfian
distribution for read and write operations.

We compare the throughput of different indexes under three
types of configurations: 1) 64 threads with 256-byte records;
2) 64 threads with 64-byte records; and 3) 1 thread with
256-byte records. Due to its lack of concurrency support,
results for AULID are presented only for the single-thread
configuration. Figure [7] presents the throughput results for
all experiments. First, in the configuration using 64 threads
and 256-byte records, DIndex achieves the highest throughput
among the evaluated indexes across all six workloads. Specif-
ically, DIndex improves throughput by up to 50% compared
to B+tree and outperforms Hybrid-PGM-Disk by up to 17x.
The performance advantage over B+tree is primarily attributed
to DIndex’s smaller index size, which reduces /O overhead
during lookups. The smallest performance gain for DIndex
over B+tree occurs in YCSB-E (short-range scans), where
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the performance is not primarily limited by index traversal.
Hybrid-PGM-Disk exhibits poor performance, particularly in
update-intensive workloads like YCSB-A and YCSB-F. This
is because high update rates trigger frequent merge operations,
and its merge overhead is higher for large records. In the read-
only workload (YCSB-C), Hybrid-PGM-Disk incurs no merge
overhead and achieves performance comparable to DIndex, as
both typically require at most one disk I/O per lookup. Next,
we examine performance under the second configuration (64
threads, 64-byte records). Under this setting, DIndex maintains
a similar performance advantage over B+tree. Hybrid-PGM-
Disk, however, benefits from lower merge overhead with
smaller records. Consequently, it achieves higher through-
put than in the 256-byte record setting, especially in work-
loads with high update or insert rates. Finally, we analyze
single-threaded performance using 256-byte records, including
AULID in this comparison. In this setting, DIndex achieves up
to 53% higher throughput than B+tree and up to 1.5x higher
throughput than AULID across the six workloads. Hybrid-
PGM-Disk performs best in certain low-write-rate workloads
(e.g., YCSB-B) in this setting, as its effective merge overhead
is lower compared to the 64-thread configurations.

To understand the latency characteristics of different in-
dexes, we measure the get latency CDF for each index
under the read-only YCSB-C workload. Figure [§] presents the
results for the single-thread experiment with 64-byte records.
The CDF displays distinct steps, which primarily correspond
to the discrete number of disk I/Os required by different
queries. For approximately the fastest 30% of requests, all four
indexes exhibit query latencies below 10us, as these requests
are served directly from the cache, incurring no disk I/Os.
Beyond these cache hits, both DIndex and Hybrid-PGM-Disk
complete nearly all remaining requests within 100us. This
suggests that most lookups require only a single disk I/O, with
no additional I/Os incurred during the index traversal itself. In
contrast, approximately 40% of requests for B+tree necessitate
at least two disk I/Os, indicating that the internal nodes are
not always cached. AULID shows the highest latency among
the four indexes, correlating with its larger index size.

C. TPC-C Benchmark

To evaluate DIndex’s performance within a complete data
management stack, we integrated it into MySQL using
MySQL’s pluggable storage engine architecture [35]. We ran
the TPC-C benchmark [15] to compare DIndex’s performance
against InnoDB. TPC-C is a complex OLTP benchmark with
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skewed access patterns and temporal locality caused by newly
placed orders and non-uniform customer selection. We used
the open-source TPC-C implementation from BenchBase [36],
[37]. Since DIndex currently does not support transactions, we
modified the benchmark by removing the remote new order
and payment transactions to avoid conflicts that would require
concurrency control mechanisms, and we ran the benchmark
under the read-uncommitted isolation level.

We configured the benchmark to use 1,000 warehouses with
500MB memory budget, and varied the number of threads
from 1 to 64 and compared the performance of DIndex and
InnoDB. Figure [0 presents the performance results. DIndex
shows consistently higher throughput than InnoDB across all
thread counts due to the smaller index size. Under 64 threads,
DIndex can achieve 2.1x the performance of InnoDB.

D. Microbenchmarks

We conducted a series of microbenchmarks with diverse
configurations to compare the performance of DIndex with
other indexes, and also to better understand how various
factors affect the performance of DIndex. In these microbench-
marks, all read and write operations are uniformly random
without locality patterns. This allows us to isolate and analyze
the performance characteristics of each index structure without
the confounding effects of access locality.

1) Performance under different datasets: We first compare
the performance of DIndex and other indexes across different
datasets, including both integer key and string key datasets.
For integer datasets, we used 56-byte values to form 64-byte
records. For string datasets, we chose 8-byte values since
LITS-D currently only supports 8-byte values. We measure
the single-thread throughput and index size of each index.
The results are presented in Figure [I0] with integer datasets
on the left and string datasets on the right. On the first six
integer datasets, DIndex consistently achieves approximately
53% higher throughput and requires 79% less index space
compared to B+tree. The index size of DIndex remains rela-
tively constant across these datasets due to the same number
of keys, which results in a similar number of segment nodes.
This small index size of DIndex ensures almost no additional
I/0 overhead during index traversals. Besides small index size,
achieving high throughput with DIndex also requires a low

Disk exhibits an even smaller index size than DIndex, we
contend that DIndex’s index is already sufficiently small to
be fully cached within the memory budget. We compare the
performance of DIndex under different memory constraints in
Section [V-D2] AULID has the largest index size among all the
indexes, and consequently, it has the lowest throughput due
to higher I/O overhead during index traversals. For the two
datasets with 800M keys, DIndex shows similar performance
improvement. Compared to B+tree, DIndex still achieves 47%
higher throughput while requiring 73% smaller index size.
For string datasets, DIndex shows 27% to 48% performance
improvement compared to B+tree and a 1.5x to 2.1x higher
than LITS-D. LITS-D fails to work as an efficient on-disk
index though it performs well in the in-memory settings. The
reason is that its index size is extremely large, causing 2-3
additional I/Os for each query to read the index. Take the
reddit dataset as an example. Its total index size is 672MB,
where 72% of the index size in LITS-D is due to its large and
sparse model nodes, and the remaining 19% and 9% belong
to the compact leaf nodes and trie nodes, respectively. DIndex
reduces the index size by 99% compared to LITS-D.

2) Performance under different memory constraints: To
evaluate how DIndex performs under different memory con-
straints, we varied the allocated memory budget. Specifically,
we tested budgets ranging from 1/150 (64MB) to approxi-
mately 2/3 (6144MB) of the total dataset size. We compare
the performance of each index using a single-threaded, read-
only workload to assess the impact of the memory budget on
read performance, primarily focusing on how it affects the
number of required I/O operations. The results are presented
in Figure[TT] When the memory budget exceeds 1/75 (128MB)
of the dataset size, DIndex’s throughput remains largely stable
since its index can be fully cached in memory, eliminating
I/O overhead during queries. This is corroborated by the I/O
measurements (shown in the right part of Figure [IT)), which
indicate only 1 I/O per query under these conditions. With
an extremely low memory budget (1/150 of the dataset size),
DIndex’s throughput decreases by 11% as parts of the index
fail to be cached. Under this constrained budget, DIndex incurs
an average of 1.13 I/Os per query. The performance of Hybrid-
PGM-Disk is stable across the tested memory budgets due to
its smaller memory footprint. However, as previously noted,
this efficiency comes at the cost of higher merge overhead.
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Fig. 12: Throughput across record sizes (fb dataset).

The performance of B+tree and AULID is more sensitive to
available memory owing to their larger index sizes. B+tree
only achieves performance comparable to DIndex when the
memory budget reaches approximately 1/10 of the dataset
size. AULID performs worse than B+tree due to its even
larger index size. TreeLine and FILM fail to work under
low memory constraints since they need to keep a large size
of metadata in memory. Specifically, FILM must store all
keys and associated directory entries in memory, and thus
requires a >2GB memory budget. While TreeLine has a
smaller memory footprint, its use of B+tree for organizing
pivot keys (each segment’s lower boundary) still imposes
significant memory overhead. Besides, when the memory is
sufficient for these two indexes, they still perform worse than
DIndex. TreeLine employs record-level caching, which incurs
high CPU overhead upon cache misses, as it performs tens of
cache insertions to put all records in a page into the cache.
FILM, however, has a larger I/O granularity (64kB) and thus
the read cost for a single I/O is higher.

3) Performance under different record sizes: We evaluate
the performance of different indexes using record sizes ranging
from 16 to 256 bytes. The results, presented in Figure [I2] also
show performance under varying read-write ratios and number
of threads. From these results, we have the following findings.
First, under read-only workloads, DIndex and Hybrid-PGM-
Disk exhibit similar performance. This is because both indexes
typically require only one disk I/O per operation, without
incurring additional I/Os during index traversal. In contrast,
B+tree and AULID show lower performance because they
incur additional I/Os during index traversal. Second, under
mixed read-write and write-only workloads, Hybrid-PGM-
Disk’s performance degrades significantly as the record size
increases. This performance degradation becomes more pro-
nounced under high concurrency. Under 64 threads, Hybrid-
PGM-Disk’s throughput with 256-byte records falls to 12
kOPS, which is only 6% of the throughput achieved by DIn-
dex under the same conditions. The performance of DIndex
remains relatively stable across the evaluated record sizes.

4) Performance under different number of threads: We
compare the scalability of different indexes across multiple
read-write ratios. To achieve this, we measure the throughput
of each index while increasing the number of concurrent
threads from 1 to 64. The results are presented in Figure
Under read-only workloads, DIndex and Hybrid-PGM-Disk
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scale similarly as the thread count increases, since both require
only a single disk I/O per operation to fetch data. Conse-
quently, their performance becomes bottlenecked by the disk
IOPS limit at 64 threads. However, under workloads involving
writes (mixed read-write and write-only), DIndex consistently
outperforms both Hybrid-PGM-Disk and B+tree, achieving
higher throughput. This demonstrates the effectiveness of
DIndex’s fine-grained locking mechanism for managing con-
current operations. In contrast, Hybrid-PGM-Disk’s scalability
suffers significantly due to its high merge overhead.

5) Performance under different ratios of sorted segments:
We then investigate how DIndex’s performance is affected by
the ratio of sorted segments, which is determined by the insert
pattern. We simulated different insert patterns by varying this
ratio and measured the resulting throughput and I/O per query
(Figure [T4). The result shows that in the worst case, DIndex’s
throughput is 11% lower than the best case, but still 36%
higher than B+tree. Furthermore, the average 1/O count per
query reaches 1.14 in the worst case, meaning about 14% of
queries require an extra I/0. Overall, Figure [I4] demonstrates
a nearly linear relationship: DIndex’s performance improves
as the proportion of sorted segments increases.

6) Performance under different sentinel sizes: We analyze
the impact of sentinel size on DIndex’s performance. In
addition to the default 4-byte sentinels, we evaluate the use of
smaller 1-byte (uint8_t) and 2-byte (uint16_t) sentinels
across different integer datasets. The results are presented in
Figure [I5] The throughput of DIndex with 4-byte sentinels
remains mostly consistent across datasets since the sentinel
collision rate is low (<0.01%). In contrast, DIndex with 1-
byte and 2-byte sentinels exhibits lower or unstable throughput
due to higher sentinel collision rates. For 2-byte sentinels,
the performance degradation is up to 16%, resulting from an
additional 0.2 I/Os per query caused by collisions. For 1-byte
sentinels, the throughput is even 49% to 87% lower than that
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Fig. 15: 1-thread throughput of DIndex with different size of
sentinels (64-byte records, read-only).
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of 4-byte sentinels due to 1.0 to 8.0 additional I/Os per query.

7) Recovery procedure analysis: We simulated crashes
during put operations and invoked the recovery procedure to
check the correctness of DIndex’s recovery mechanism. After
recovery, DIndex ensures the index structure is in a consistent
state, and all completed operations are durably persisted. We
also measured the recovery time using a trace with 1 million
log entries (68MB) generated since the last checkpoint. The
recovery process took 30 seconds, with the majority of the
time dominated by disk I/O (page reads and writes).

VI. RELATED WORK

Space-Efficient Traditional Disk Indexes. Block com-
pression [38]], [39], [40] is the most intuitive way to reduce
the storage overhead. It trades extra computation for smaller
storage consumption, which is orthogonal to our work. Other
research efforts have concentrated on compressing individual
keys. For example, null suppression reduces data size by
compactly representing or omitting nulls and insignificant
leading/trailing zeros or spaces, while delta encoding saves
space by storing only the differences between consecutive data
elements [22]]. There are also dictionary-based methods [6],
[41], [42]], [43] that use a dictionary to compress keys and
operate under the assumption of a relatively static workload.
Perfect hashing [44]], [45], [46] is another popular strategy
for efficient memory indexing. However, it is hindered by
lengthy construction times and does not maintain the order
of keys after hashing. Another line of research focuses on
developing hybrid structures [44], [47]. These indexes utilize
compact index structures for indexing cold and static data
while employing write-friendly index structures for managing
hot data. There has also been research aiming to reducing
memory footprint by evicting cold tuples from memory based
on the access pattern. For example, the anti-caching architec-
ture [48]] moves cold data to disk as the database grows in size.
VoItDB [49]] relies on the operating system’s virtual memory
system to move cold data to disk.

Learned Indexes and Extensions. There have been numer-
ous advancements in learned indexes [7]]. Research has primar-
ily focused on enhancing the core capabilities or adapting them
to new scenarios. There has been a list of solutions adapting
learned indexes for on-disk storage. Hybrid-PGM-Disk and
AULID were discussed in Section in detail. TreeLine
organizes multiple contiguous disk pages as a segment and
uses a B+tree to index the segments. Inside each segment,
it uses learned models for routing. FILM targets larger-than-

memory databases, using a unified tree structure to handle
data spanning memory and disk, and includes an adaptive LRU
mechanism for cold data identification and eviction. The orig-
inal learned index structure [7] was limited to single-threaded,
read-only lookups. Consequently, one major line of research
has focused on write support. Solutions either reserve space
within nodes for future insertions (e.g., ALEX [9], LIPP [21])
or use a delta index to buffer write operations and perform
periodic merges with the main index (e.g., XIndex [8]], PGM-
Index [10], FINEdex [50]). DIndex adopts the former approach
and is specifically optimized to minimize disk I/O during data
block splits. Some indexes, like XIndex [8]] and FINEdex [50],
also support concurrent write operations via fine-grained opti-
mistic locking. Another line of research attempts to optimize
the model structure in learned indexes for better performance.
The original learned index [7]] proposed the hierarchical model
structure named Recursive Model Index (RMI) for routing read
requests. FITing-Tree [11] uses piecewise linear functions to
approximate data distribution with an error bound guarantee.
PGM-Index [10] constructs a recursive index structure with
an optimal number of models. RadixSpline [51] uses a linear
spline as the indexing function to reduce the cost of model
construction and uses a radix table to index the spline points.
Learned indexes have also been adapted for modern hardware
platforms beyond main memory. XStore [52] uses the learned
index as the client-side cache for the RDMA-based key-value
store and leverages a hybrid structure to handle dynamic work-
loads. ROLEX [53] uses the learned index in the disaggregated
memory scenario to speed up index retrieval. APEX [54]]
targets persistent memory, delivering high performance and
crash consistency. Finally, research extends learned indexes
to support different data types. SIndex [55], RSS [14] and
LITS [33] are learned indexes specially optimized for string
keys. LISA [56] and Tsunami [S57] are two learned indexes
built for multi-dimensional data.

VII. CONCLUSION

This paper proposes DIndex, an on-disk learned index
designed for memory-constrained environments. DIndex main-
tains model-compressed pivot keys called sentinels to guide
error correction and uses a variable-span mapping scheme to
track the physical locations of data blocks with low overhead.
Our evaluation shows that DIndex outperforms B+tree and
other state-of-the-art on-disk learned indexes by up to 28X
in throughput and reduces index size by up to 99%.
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