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Abstract
In cloud block store, indexing is on the critical path of I/O

operations and typically resides in memory. With the scaling
of users and the emergence of denser storage media, the index
has become a primary memory consumer, causing memory
strain. Our extensive analysis of production traces reveals that
write requests exhibit a strong tendency to target continuous
block ranges in cloud storage systems. Thus, compared to cur-
rent per-block indexing, our insight is that we should directly
index block ranges (i.e., range-as-a-key) to save memory.

In this paper, we propose RASK, a memory-efficient and
high-performance tree-structured index that natively indexes
ranges. While range-as-a-key offers the potential to save mem-
ory and improve performance, realizing this idea is challeng-
ing due to the range overlap and range fragmentation issues.
To handle range overlap efficiently, RASK introduces the
log-structured leaf, combined with range-tailored search and
garbage collection. To reduce range fragmentation, RASK
employs range-aware split and merge mechanisms. Our eval-
uations on four production traces show that RASK reduces
memory footprint by up to 98.9% and increases throughput
by up to 31.0× compared to ten state-of-the-art indexes.

1 Introduction
Elastic Block Store (EBS) (e.g., Alibaba Cloud EBS [1], AWS
EBS [2], Azure Managed Disks [3, 4], and Google Persistent
Disk [5]) provides the virtual block device (VD) service and
serves as a cornerstone of modern cloud [6]. Typically, EBS
uses an index (EBS-index) to map logical block addresses
(LBA) in VDs to corresponding locations in the backend
storage system (e.g., files in the distributed file system, DFS).
To ensure performance, the active EBS-index has to fully
reside in memory.

However, as users scale up and larger storage media emerge
(e.g., QLC SSDs [7]), EBS-index now has to accommodate
more entries and becomes the dominant DRAM consumer,
causing memory strains and further constraining physical
storage utilization. In Alibaba Cloud, a world-leading cloud
vendor, its EBS-index consumes ~57.1% of the node’s mem-
ory; in the most severe cases, ~10% of clusters risk wasting
~35% of storage resources due to insufficient memory.

Given that the highly optimized EBS-index already outper-
forms other SOTA indexes in memory efficiency and perfor-
mance (Fig. 2), we start by revisiting the workload charac-
teristics in the field. We extensively analyze the large-scale

EBS traces provided by Alibaba Cloud, spanning four clusters
and eight representative application categories over one week.
One notable pattern is that individual writes that are close
in time tend to have consecutive LBAs. For example, given
three write requests with LBAs [1, 3]1, [9, 10], and [4, 7], the
first and third are consecutive and can be merged into [1, 7].
Such consecutive write sequences are widespread; specifi-
cally, across eight representative workloads in Alibaba Cloud
EBS traces, 65.0–81.5% of writes are part of such sequences
(Fig. 3(a)). We term such a sequence as a consecutive write
(CW), which typically covers a block range (e.g., [1, 7]).

Furthermore, writing to a range of blocks is not unique
to Alibaba Cloud or cloud block store (i.e., EBS). We also
observe frequent CW occurrences in Tencent’s EBS traces [8].
Cloud storage traces from Google [9] and Meta [10,11] further
reveal that writing to a range is widespread in cloud storage
systems.2 For example, 90.3% of writes span ranges exceed-
ing four blocks in Meta’s traces. We discover the root cause
of this phenomenon is that both upper-level applications [12–
16] (e.g., databases) and storage systems [17–24] (e.g., filesys-
tems and caching) tend to issue sequential writes. We validate
this through white-box analysis using blktrace [25] (§3.3). Re-
sults show that the ratio of range writes is high (29.0–99.0%),
primarily caused by filesystem (FS) journaling and app-level
services (e.g., Redis server, MySQL logs, etc.).

Given the prevalence of range writes, we argue that we
should directly index ranges (i.e., range as a key) instead of
individual blocks. For example, for the block range [1, 7], we
should index it with one entry instead of seven entries for each
block. Adapting range-as-a-key can reduce memory footprint
by decreasing the number of entries, theoretically by 58.4% to
91.1% for EBS (Fig. 3(b)). It can also improve performance
by (1) eliminating multiple index updates for a range and (2)
speeding up queries due to the smaller index scale.

Thus, we propose RASK, a high-performance and memory-
efficient Range-AS-a-Key tree index. It consists of trie-format
internal nodes and B-tree style leaves, where leaf entries rep-
resent ranges rather than individual objects. RASK overcomes
two key challenges to realize range-as-a-key efficiently.

Challenge-1: Range overlap. Range overlap occurs when
a new range (e.g, [2, 4]) intersects with existing ones (e.g.,

1In this paper, for a range [l, r], l is the range’s left bound (inclusive), r is the
right bound (inclusive).

2Details for these four traces are provided in §7.1.
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[3, 5]). Range overlap degrades read performance as reads
must identify the latest data from overlapping ranges. Addi-
tionally, range overlap leads to memory waste by making old
ranges obsolete when they are fully covered by newer ones
(e.g., [2, 4] is covered by [1, 5]); however, removing these
covered ranges upon their appearance requires complex oper-
ations and increases write latency. Notably, the issues caused
by range overlap cannot be resolved by adopting existing in-
dexes, whether point-based (e.g., B-tree) or range-aware (e.g.,
interval tree [26], HINT [27]).

To handle range overlap efficiently, we propose three tech-
niques. First, we employ log-structured leaf with append-only
updates. It batches the removal of covered ranges by garbage
collection (GC) only when it is full, reducing the impact of
overlap handling on write performance. Using the leaf as the
GC unit also enforces timely GC and limits memory overhead.
Second, we design two-stage GC to reduce write blocking
time caused by GC. The first stage quickly removes some
common covered ranges to promptly resume writes, while
the second stage thoroughly removes all fully covered ranges.
Third, we propose ablation-based search to speed up lookups
with overlapping ranges. It scans the log-structured leaf in
reverse order and ablates the target range gradually (i.e., fo-
cusing only on the unfound portions). This efficiently avoids
adding outdated values in the overlapping ranges to the result.

Challenge-2: Range fragmentation. Since a leaf cannot
contain an infinite number of entries to represent an infinite
range space (i.e., key space), range fragmentation will in-
evitably occur: User-written ranges have to be divided and
stored in multiple leaf nodes if they span the range spaces of
these leaf nodes. This issue increases query, range manage-
ment, and memory overhead.

We propose two techniques to mitigate range fragmentation.
We design range-conscious split to reduce range fragmenta-
tion caused by leaf splits. It tries to choose a split point that
minimizes the number of ranges spanning the two new leaves,
while balancing the entry count in these leaves. Range frag-
mentation can also occur when newly inserted ranges do not
align with the leaf’s range space. Therefore, we introduce
workload-aware merge and resplit to dynamically adjust the
leaf’s range space to better fit the workload, further reducing
fragmentation caused by new ranges.

We evaluate RASK against ten SOTA indexes with produc-
tion traces from Alibaba Cloud, Google, Meta, and Tencent.
Results show that RASK reduces memory footprint by 45.3–
98.9%, increases throughput to 1.37–32.0×, and reduces tail
latency by 48.2–97.4% on average compared to baselines. We
further integrate RASK into RocksDB [28] and evaluate its
performance gains in KV store scenarios (e.g., DFS metadata
service). RocksDB with RASK achieves up to 6.46× higher
throughput than the original skiplist-based RocksDB.

In summary, we make the following contributions:
• Analyses. Based on cloud storage trace analysis (e.g., Al-

ibaba Cloud), we find writes typically target a block range.
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Figure 1: EBS architecture and read procedure.

• Indexing by range. We propose that the index in cloud
storage systems should use the block range as the key.

• RASK. We design RASK, a memory-efficient and high-
performance index that natively supports range-as-a-key.
Evaluations with traces from Alibaba Cloud and others
show its performance gains over SOTA indexes.

We have open-sourced the code of RASK at https://ipad
s.se.sjtu.edu.cn:1312/opensource/rask-index and
Alibaba Cloud EBS traces at https://tianchi.aliyun.c
om/dataset/218875.

2 Index Strains Memory in Modern EBS

2.1 Background: Elastic Block Store

Architecture. Elastic Block Store (EBS) is a core component
of cloud service, providing VDs for compute instances [2,3,5,
29]. Fig. 1 shows the EBS architecture at Alibaba Cloud [1].
It consists of three layers: BlockClient in the compute layer,
BlockServer in the proxy layer handling read/write requests
from the BlockClient, and the DFS in the persistence layer.
Write/Read. For writes (❶), the path bifurcates. BlockServer
first persists data in a JournalFile (❷) and then acknowledges
the I/O completion (❸). The uncompressed data is cached
in the SegmentCache (❹). Upon reaching a threshold (e.g.,
512 KiB), the cached data is written to DataFiles in the DFS
with compression (❺). To ensure the compression ratio and
decompression efficiency, data is compressed in groups of
four blocks, i.e., the compression unit (CU) is four blocks. The
EBS-index is updated to map the VD’s LBA to the DataFile
and the location in DataFile (❻). For reads, BlockServer first
checks the SegmentCache; on a miss, it queries the EBS-index
and then fetches data from DFS (❼).
Indexes in EBS. EBS-index includes in-memory LBAIndex
and CompressIndex. LBAIndex maps LBA to the DataFile ID,
CU ID, and offset in the CU. It is a LSM-tree-like structure:
The top layer (i.e., MemTable) is in page-table format for fast
LBA updates. Once the MemTable’s size reaches a threshold,
it is converted into a more memory-friendly immutable sorted
array (i.e., SSTable), where each entry represents a write re-
quest’s LBA range. CompressIndex maps CU ID to CU’s
location in the DataFile using an array. When reading a block,
as shown in Fig. 1, EBS first searches LBAIndex by the target
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Figure 2: Comparison of LBAIndex and SOTA indexes. In this
paper, ES is Elasticsearch, MQ is message queue.

LBA (①), then uses the resulting CU ID to locate the CU in
CompressIndex (②), and finally reads DFS accordingly (③).

2.2 Memory Strain: Index is the Culprit
Alibaba Cloud Sysadmins report that EBS has been experi-
encing escalating memory strains. In the most severe cases,
~10% of clusters are at risk of wasting ~35% of physical stor-
age resources. The waste arises because these data cannot be
indexed and thus become unusable under memory constraints.
This memory pressure is further intensified as EBS accommo-
dates more users and adopts larger SSDs with denser NANDs.

We find that the EBS-index is the main memory consumer,
which consumes thousands of TBs of memory for indexing
thousands of PBs of data. Alibaba Cloud’s statistics show that
LBAIndex consumes ~17.2% memory, while CompressIn-
dex accounts for ~39.9%. Indexes strain memory since: (1)
LBAIndex scales with write requests, as a write request re-
quires at least one SSTable entry. Besides, its log-structured
format increases memory overhead due to multiple versions.
(2) CompressIndex’s size is proportional to the data volume
due to per 4-block compression.

2.3 Exploration of Possible Remedies
Modifying the architecture. One may ask if memory strain
can be reduced by modifying EBS architecture (e.g., remov-
ing SegmentCache, writing directly to DataFile) or simply
adding more memory. However, the memory overhead of
EBS-index stems fundamentally from the indexed data vol-
ume, which architectural changes cannot resolve. Adding
memory is costly, inflexible, and unsustainable in the non-
stop production environment, as it needs a time-consuming
and laborious maintenance beyond just the memory cost.
Replacing index structure. Another possibility is to use a
more memory-efficient index that supports in-place updates,
thereby avoiding the overhead from multiple versions. To
evaluate this idea, we compare LBAIndex with B-tree [30],
SOTA memory-efficient trie (adaptive radix tree, ART [31]),
and learned index (PGM-Index [32]) under five typical EBS
workloads. Fig. 2 shows that LBAIndex already consumes
less memory and performs better than these SOTA indexes.
This is because: (1) LBAIndex’s MemTable is size-limited
and SSTables index at write-request granularity, while other
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Figure 3: Write pattern analysis. (b) Write length CDF before
(dashed lines) vs. after (solid lines) I/O compaction; y-axis is normal-
ized to pre-compaction write count. Workloads are: Container (A),
Message Queue (B), MySQL (C), Elasticsearch (D), Redis (E), Mon-
goDB (F), BigData (G), WebApp (H), External (I).

indexes use LBA granularity; (2) MemTable updates have
O(1) time complexity thanks to its page-table format.
Applying larger compression unit (CU). EBS uses a short
CU (i.e., 4 blocks) to avoid severe read amplification during
decompression. This is because EBS adopts a stream-based
compression scheme [33, 34] (e.g., LZ4) which requires se-
quential decompression from the CU start. A possible alterna-
tive is to use a random-access compression scheme, which al-
lows larger CUs by avoiding full decompression from the start.
However, such schemes are inefficient and fail to decrease the
volume of information to be indexed: (1) To support random
access, these schemes need to build a dictionary [35, 36], un-
friendly to the latency-sensitive EBS. For instance, we explore
with a SOTA method called FSST [37], which takes ~1 ms to
build the dictionary and compresses at a rate 9.78× slower
than LZ4. (2) Compressed blocks have variable lengths; there-
fore, we still need to record their offset information within the
compressed data for decompression, eliminating the memory
benefits of introducing larger CUs.

3 Characterizing Block Service Access Pattern
The above analysis indicates that the memory pressure in EBS
cannot be resolved by altering the architecture, modifying the
index structure, or adopting alternative compression schemes.
Hence, we analyze the field traces in the hope of exploiting
the workload characteristics to reduce the memory footprint.

We get two datasets recently collected by Alibaba Cloud
EBS: (1) one-week I/O traces of 1.4 k VDs in two clusters;
(2) three-day I/O traces of 400 VDs in two other clusters.
They cover representative applications like databases, KV
stores, message queues, big data processing, search engines,
containers, and web apps.

3.1 Write-Write Correlation
Observation. Individual write requests that are temporally
close can be spatially consecutive. E.g., four write requests
(A, B, C, D) target LBAs [1, 4], [11, 12], [5, 6], and [7, 8], re-
spectively. While A, C, and D are independent requests, their
LBAs are consecutive (i.e., [1, 4], [5, 6], and [7, 8] can be con-
catenated). To quantify this pattern, we define an observation
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window as the scope for checking consecutiveness. If the win-
dow covers 4 writes (i.e., we check consecutiveness among
every 4 write requests), then in this example, A, C, and D form
a consecutive sequence. We define such a consecutive write
sequence within the observation window as a Consecutive
Write (CW). For a CW with ≥ 2 requests, we classify it as a
long CW. We further define long CW ratio as the proportion
of write requests that belong to long CWs. The long CW ratio
of this example is 75% (i.e., A, C, and D out of 4 requests).

As shown in Fig. 3(a), the long CW ratios are consistently
high (65.0–81.5%) across all workloads when the window is
36 write requests. This phenomenon also shows in Tencent’s
EBS traces [8] (External (I) in Fig. 3(a)). The prevalence of
long CWs renders a memory-saving opportunity by consoli-
dating multiple entries into one for a CW in the LBAIndex.
Optimization: I/O compaction. The first optimization is to
enlarge the LBAIndex’s granularity to CWs. We can leverage
the SegmentCache (Fig. 1) to capture CWs, using its size3

(128 blocks) as the observation window. When flushing the
SegmentCache, we reorder/merge these cached writes into
CWs and then write these CWs to DFS. This upsizes the
granularity of LBAIndex from individual requests to CWs,
reducing the entry count and lowering the memory footprint.
Potential benefit. Fig. 3(b) compares the cumulative distribu-
tion function (CDF) of write lengths with/without I/O com-
paction. Results show that I/O compaction reduces LBAIndex
write counts by 58.4–77.0%, greatly reducing the number of
LBAIndex entries. Moreover, the reordering/merging over-
head is negligible since: (1) The SegmentCache is small; (2)
It only manipulates metadata (i.e., LBAs and block positions
in cache) without interfering with DFS write processes.

3.2 Write-Read Correlation
Observation. When reading data written by a CW, the re-
quest nearly always starts from the CW beginning. E.g., if a
CW covers LBAs [1, 8], the following reads tend to start from
its beginning (i.e., 1), while the likelihood of starting from the
later part (i.e., 5–8) is low. Fig. 4 shows that across 8 work-
loads, > 85.4% of reads align with the CW start, while < 1%
of reads begin 10 blocks away from the CW start. Tencent’s
traces also show a similar pattern, i.e., 83.4% of reads align
with the CW start. Intuitively, this pattern reflects how an app
writes implies how it would read, e.g., a CW for logging is
3Given the average write length is 3.63 blocks at Alibaba Cloud’s EBS, this
window size is roughly equivalent to 35.2 write requests.
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Figure 5: Write length distribution of industry traces.

likely to be read from the start. Notably, over 95.7% of reads
start within 4 blocks (i.e., the Alibaba Cloud EBS CU size)
of the CW’s beginning. It means that enlarging CU to CW
causes negligible read amplification during decompression.
Optimization: CU alignment. The second optimization is
to align the CU with the CW. We propose an adaptive com-
pression scheme: CWs exceeding four blocks are compressed
per CW, while shorter CWs use the 4-block CU to maintain
the compression ratio. It expands the CU indexing granularity
from 4-block to CWs, reducing the memory footprint.
Potential benefit. After applying CU alignment, the number
of CUs to be indexed reduces by 69.1–91.1% across eight
workloads. Additionally, the overhead of CU alignment is
acceptable. Fig. 4 indicates that ~95.7% requests are basically
unaffected, while the increased latency for the remaining ones
is in an acceptable range (0.477%–2.60%).

3.3 Call for “Range as a Key”
The memory savings from I/O compaction and CU alignment
rely on enlarging index granularity to CWs. In this case, the
original EBS-index is not suitable because: (1) As shown in
Fig. 3(b), CWs are often long LBA ranges but the LBAIndex’s
MemTable uses single-LBA as index granularity. (2) Com-
pressIndex only supports fixed-length CUs and not applicable
for variable-length CWs. Thus, an index that uses range as
a key (RKey) is essential to achieve memory savings. This
index uses the LBA range of a CW as the key, mapping it to
the corresponding DFS location and compression metadata.

Furthermore, the benefits of range-as-a-key are beyond just
Alibaba Cloud and/or EBS. Based on the following analysis,
we find that using range-as-a-key is advantageous for various
cloud storage systems with range-write heavy workloads.
Common root causes. CW exists primarily because: (1) Both
FSs and applications prefer sequential writes to match block
device characteristics (e.g., sequential writes on HDD/SSDs
are faster than random writes); (2) Multi-app interactions
in the system interrupt an app’s sequential writes, creating
multiple CWs. We confirm this via white-box analysis using
blktrace [25]. Specifically, we analyze 1-hour I/O samples
of MySQL and Redis running TPC-C and YCSB workloads,
respectively. Results show that long CW ratios are high (29.0–
99.0%), primarily caused by FS journaling and application
services (e.g., Redis server, MySQL InnoDB log, etc.).
Prevalence in cloud storage. Previously, we have shown
similar patterns in Tencent traces. Further, by analyzing traces

186    24th USENIX Conference on File and Storage Technologies USENIX Association



[4,6]
[2,8]

[4,6]
[5,8]

[5,6][2,4]
[2,7]

[1,6]
[0,3]

[2,5]
[4,7]

(a) (b) (c) (d)
Old

New

Figure 6: Range overlap cases.

from Google [9], Meta [10, 11], we find that in their cloud
storage systems, while block is the basic operation unit, writes
typically span a range of blocks. As Fig. 5 shows, 51.6%
(Google) and 90.3% (Meta) of writes exceed four blocks.
Thus, RKey is not limited to a specific system or company.

Given the prevalent range writes, indexing by block ranges
(start LBA + write length) instead of individual blocks offers:
(1) Memory efficiency: reduces N - 1 entries per N-block range.
(2) Performance improvement: avoids multiple index updates
for a range and speeds up queries via a smaller index scale.
Possible extensions of RKey. The wide existence of range
writes implies the deployment of RKey is likely to benefit
various scenarios. (1) Example-1: Flash cache. In bulk storage
systems, flash cache stores hot data in SSDs to reduce HDD
load [38, 39]. It needs a DRAM index to map block locations
in SSDs. Compared to existing B-tree indexes [40], RKey can
reduce index’s memory footprint, which is a key concern in
flash cache [41]. (2) Example-2: DFS metadata service. Many
DFSs use KV stores to manage metadata (e.g., LSM-tree [10,
42], B-tree [43]). To speed up metadata operations, it stores
block-to-file mappings (e.g., Tectonic, Meta’s exabyte-scale
DFS). Here, RKey is more efficient for block indexing as it
avoids one-by-one updates and reduces entry count, allowing
more entries to reside in memory for faster queries.

3.4 Range-as-a-key: Not off-the-shelf
Compared to point indexes (e.g., B-tree), indexing ranges is
more challenging since it must handle various range overlap
cases. Fig. 6 shows some range overlap cases: (1) cover an old
range (Fig. 6(a)); (2) partially overlap an old range (Fig. 6(b));
(3) cover/partially overlap many old ranges (Fig. 6(c, d)). An
efficient RKey index should promptly remove fully covered
ranges to avoid memory waste and quickly locate the latest
data in the overlapping ranges during reads. However, neither
existing range-aware indexes nor adapted point indexes can
meet these requirements well, as we will show next.
Porting the range-aware indexes? Indexing ranges is com-
mon in temporal databases, with typical indexes like inter-
val tree [44], 1D-grids [45], segment tree [46], HINT [27],
etc. [47–56]. However, these indexes mainly focus on intersec-
tion queries, without removing covered ranges automatically.
This is because they primarily target secondary index scenar-
ios, where the covered ranges are still useful and cannot be
deleted (e.g., record [k1, v1] with time range [t1, t2] is not over-
written by [k2, v2] with [t1, t3]). But in our case, not removing
covered ranges wastes memory and degrades performance.
Thus, as shown in Fig. 7, interval tree and segment tree are
inefficient in both memory and read performance.
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Adapting the point indexes? When adapting point indexes
to RKey by indexing the range’s left bound, there are two
possible ways. (1) Eager: Writes find all overlapping ranges
and remove their intersecting portions before insertion; reads
find all intersecting ranges with the target range. (2) Lazy:
Writes insert ranges with sequence numbers and only remove
covered ranges; reads find all intersecting ranges and select
the ones with the highest sequence number for each overlap-
ping position. However, both methods perform poorly due to
the high cost of handling range overlaps. Fig. 7(b) shows that
Eager and Lazy B-tree perform much worse than EBS-index
under write-heavy and read-heavy workloads, respectively.

4 RASK Overview
We propose RASK, a high-performance and memory-efficient
in-memory index that natively supports range-as-a-key. Based
on the analysis in §3.3, RASK is a general-purpose index
for range-write intensive workloads, not just for the EBS at
Alibaba Cloud. It offers a general range read/write interface
(§6.1), potentially benefiting more systems (e.g., flash cache,
DFS metadata service).

4.1 Structure and Workflow
RASK structure. As Fig. 8(a) shows, RASK uses ART [31]
for internal nodes and employs the log-structured leaf (i.e.,
leaves are globally ordered, but updates within the leaf are
append-only). ART is a trie variant that indexes keys by stor-
ing them as paths of characters, with each internal node rep-
resenting a common key prefix. We choose ART since it is
more efficient than B-tree, while also being memory-friendly
via path compression and internal node resizing. The log-
structured leaf allows for efficient range overlap handling.
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Fig. 8(b) shows the leaf layout. Each leaf is identified by
an anchor key that represents the minimum left bound of its
ranges, and this anchor key is indexed by internal nodes. A
leaf’s range space covers all ranges4 whose left bound ≥
its anchor key and right bound < the next leaf’s anchor key,
which is non-overlapping with other leaves. For each entry,
the range (i.e., key) is stored in the Range Array and the
value is stored in the Value Array. Leaves are doubly linked
to support efficient range operations. Additionally, each leaf
contains an 8-byte header to store current entry count and
concurrency control information (§6.2).
Basic workflow. For reads, RASK first traverses internal
nodes to locate the target leaf (i.e., the last leaf whose an-
chor key ≤ the target range’s left bound). Then it extracts
the latest value from the intersection of the target range and
the leaf’s ranges. For example, to read the range [7, 8] from
Fig. 8(a), it first locates the leaf with anchor key = 6, then re-
trieves value for [7, 8] from entry [6, 9] in that leaf (not from
[6, 8]). For writes, RASK first locates the target leaf as reads,
then appends new entries to this leaf’s range and value arrays.
If this leaf is full (i.e., entry count reaches the capacity), GC is
triggered to remove old ranges that are fully covered by newer
ones. E.g., for the leaf in Fig. 8(b), [6, 8] can be reclaimed by
GC. If this leaf remains full after GC, it is split, and internal
nodes are updated with the new leaf’s anchor key.

4.2 Challenges and Approaches
RASK tackles two key challenges from RKey: range overlap
and fragmentation, achieving efficient read/write and struc-
tural modification operations (SMO, e.g., split/merge).
Challenge-1: Range overlap. When writing a new range,
range overlaps may cause some old ranges to be fully covered
(Fig. 6 (a), (c), (d)). If these ranges are not removed in time,
they will waste memory and degrade read performance due to
the need to check more ranges. However, promptly removing
covered old ranges upon their appearance degrades write effi-
ciency due to the complexity of identifying covered ranges.
Additionally, overlapping ranges harm read performance, as
reads must identify the latest data of the overlapped portions.
Addressing Challenge-1 in write and read. RASK’s log-
structured leaf underpins efficient range overlap handling,
benefiting both writes and reads. For writes, the log-structured
design reduces the impact of removing covered ranges by
batching them during GC, which is triggered only when the
leaf is full. Moreover, using the leaf as a fine-grained GC unit
ensures prompt GC, thereby limiting the memory overhead.
For reads, the log-structured layout enables early termina-
tion once the target range is fully retrieved. To further opti-
mize searches with overlapping ranges in a leaf, we propose
ablation-based search (§5.1). For GC, we introduce two-stage
GC (§5.2) to reduce the write blocking time caused by GC

4In this paper, range key is defined as range left bound, and range length =
range right bound (inclusive) - range left bound + 1.
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Figure 9: Ablation-based search example.

while removing fully covered ranges as much as possible.
Challenge-2: Range fragmentation. Given that a leaf cannot
have an infinite capacity to represent the infinite range space,
range fragmentation is inevitable to occur: A user-written
range that spans multiple leaves’ range space is divided and
stored in these leaves. This issue increases read/write, range
management, and memory overhead.
Addressing Challenge-2 in split and merge. RASK reduces
range fragmentation through proper split and merge/resplit op-
erations. We employ range-conscious split (§5.3) to mitigate
dividing the leaf’s ranges during leaf splits while balancing
the entry count in new leaves. Range fragmentation can also
occur when newly user-written ranges do not align with exist-
ing leaves’ range space. To resolve this issue, we introduce
workload-aware merge and resplit (§5.4), which dynamically
adjusts leaves’ range space to adapt to workload characteris-
tics, reducing fragmentation-induced overhead.

5 RASK Design
We have achieved efficient range writes with the log-struc-
tured leaf (§4.1). In this section, we present how RASK sup-
port efficient read (§5.1), GC (§5.2), and SMOs (§5.3, §5.4).

5.1 Ablation-based Search
RASK’s search procedure traverses the leaf in reverse order
until the target range is fully retrieved or all entries are pro-
cessed. For each range in a leaf, RASK collects its intersection
with the unfound portions of target range. For example, when
searching for range [3, 15] in Fig. 9’s leaf, the range [1, 6]
contributes [3, 6] to the result. The key challenge of search
lies in efficiently maintaining the target range’s search state.

Given that this search procedure can be seen as ablating the
target range with the leaf’s ranges, we propose an ablation-
based search. It tracks the search state using an ordered list of
target range’s unfound subranges (i.e., Unfound List). Specif-
ically, the Unfound List is initialized with the target range
(e.g., [3, 15] at t1 in Fig. 9). Then for each range R in leaf,
the intersections of R and Unfound List (i.e., {R∩R′ | R′ ∈
Unfound List}) are retrieved and removed from Unfound List
(e.g., at t2, [3, 6] is removed from [3, 15], leaving [7, 15]). As
the search proceeds, Unfound List is gradually ablated.

In this scenario, the ordered list is well-suited for tracking
the unfound subranges. Unfound List’s ordered property helps
efficiently locate subranges that overlap with R when getting
the intersection of R and Unfound List. Specifically, once the
first overlapping subrange is found (e.g., [7, 8] for leaf range
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Figure 10: Two-stage GC examples.

[6, 13] at t3), all subsequent overlapping ranges (e.g., [11, 15]
at t3) can be accessed sequentially. Then the intersections can
be removed with O(1) time complexity. While locating the
first overlapping range in Unfound List requires linear search,
the cost of linear search is bounded, as the number of unfound
subranges is limited by processed entry count of the leaf.

5.2 Two-stage GC
If a leaf is full, GC frees up space by removing fully covered
old entries. GC efficiency is crucial to write performance, as
writes must wait for GC to complete. The key challenge of GC
is identifying old ranges covered by the union of multiple new
ranges (e.g., [1, 6] in Fig. 6(d) is covered by three ranges).

To address this, we perform GC via reverse-order leaf scan-
ning while maintaining the union of all processed ranges to
check if a preceding range is covered (termed as normal GC).
Specifically, we employ an ordered list (i.e., NonOverlap List)
to track the union of processed ranges, stored as multiple non-
overlapping ranges. As shown in Fig. 10(a), for each range R,
we check if R is fully covered by an entry in NonOverlap List.
If so, R is marked for deletion (case 1 at t4: [5, 7] is covered
by [4, 10]). Otherwise, NonOverlap List is updated by taking
the union of R with all overlapping ranges in NonOverlap List
(case 2 at t3: [4, 10] is the union of [4, 9], [4, 7] and [9, 10]).

Normal GC is efficient in most cases, where the NonOver-
lap List only has a few entries. However, when the number
of entries in NonOverlap List is large, the linear search for
identifying overlapping ranges can still be a bottleneck. We
seek to further improve GC efficiency by avoiding the linear
search. Fortunately, we find that many ranges are fully cov-
ered by new ranges with the same left bound. Specifically, we
replay the EBS traces from Alibaba Cloud with only normal
GC enabled in RASK. Among all reclaimable entries, we
find that on average 73.8% of them can be reclaimed by only
checking newer ranges with the same left bound.

Therefore, we further propose a lightweight GC that only
checks if ranges are fully covered by newer ones with the
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3:3 5:1
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Figure 11: Split example. AK is anchor key.

same left bound. As Fig. 10(b) shows, lightweight GC scans
the leaf’s range array backwards and maintains an O(1)-
complexity map (i.e., LT Map) to track the maximum right
bound per left bound. For each range R, if its left bound ex-
ists in LT Map and right bound ≤ the recorded value (case 1
at t4), R is marked for deletion; otherwise, LT Map is up-
dated with R’s left and right bounds (case 2 at t3 & case 3 at
t1). Lightweight GC avoids the linear search and can quickly
reclaim some space, further reducing write blocking time.

In summary, we design a two-stage GC to reduce the write
blocking time: (1) Lightweight GC: remove some fully cov-
ered entries quickly; (2) Normal GC: remove all fully covered
entries and is triggered only when lightweight GC cannot free
up any space. After GC completes checking all entries, those
marked for deletion are removed, and the remaining ones are
shifted forward to fill holes and keep the original order.

5.3 Range-conscious Split
When inserting into a full leaf and GC cannot free up space,
the leaf is split at the split point Ps to create a new right leaf
(Lr). Entries with range left bounds ≥ Ps are moved to Lr,
and entries across the Ps are divided and stored in both leaves.
Then internal nodes are updated with Lr’s anchor key. The key
difference between RASK and point indexes (e.g., B-tree) in
split is that: The Ps should not only try to balance entry counts
between two new leaves, but also avoid range fragmentation
(i.e., Ps should not intersect with any ranges in the leaf).

To avoid range fragmentation, ❶ we use the left bounds of
all entries in GC-obtained NonOverlap List (except the first
one) as Ps candidates (e.g., 3, 7, 12 in Fig. 11). This is be-
cause these entries are non-overlapping, and their boundaries
naturally guarantee no intersection with the leaf’s ranges. To
achieve better balance, ❷ we choose the Ps candidate that
most evenly balances entry count between two new leaves
(e.g., 7 in Fig. 11 has three entries on the left and three on the
right). This can be calculated according to the entry count in-
formation collected during the NonOverlap List construction.

When NonOverlap List cannot provide any candidates (i.e.,
it has only one entry), we directly select Ps from the bound-
aries of leaf’s ranges for efficiency (e.g., for Fig. 11’s leaf, the
boundaries are 1, 2, 3, . . ., 10, 12, 13). In this case, the chosen
Ps may intersect with the leaf’s ranges, and these ranges are
divided and stored in both leaves. It may cause the new leaf
overflow (i.e., entry count exceeds the capacity and cannot be
addressed by GC). To resolve this, we select Ps that satisfies:
(1) It is one of the two median points of all boundaries (as
the number of boundaries is even); (2) It is not the smallest or
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▶Get value (v2) for the divided range [c, d] from [a, b]
v2 = DivideValue([a, b], v, [c, d])
▶Merge [a,b]:v1 & [c,d]:v2 to [a,d]:v3 if possible
is_mergeable, v3 = MergeRange([a, b], v1, [c, d], v2)

Figure 12: RASK user-provided functions.

largest bound (to ensure the split is effective). If both medians
meet the second requirement, we choose the smaller one. We
have proven that this selection ensures: (1) no overflow in
most cases; (2) in other cases, only one leaf may overflow,
which can always be addressed by splitting it again.5

When dividing a range that crosses Ps, this entry’s value
also needs to be divided. The value is user-defined and may
also represent a range (e.g., for Alibaba Cloud’s EBS, it is the
location for a range of continuous physical blocks in DFS).
Thus, RASK needs users to register a function (DivideValue
in Fig. 12) to get the value corresponding to the divided ranges.
Specifically, it returns the value for the divided ranges based
on the original range, original value, and divided range.

5.4 Workload-aware Merge and Resplit
Unlike point indexes (e.g., B-tree), where merge only han-
dles underfilled leaves caused by deletions, RASK’s merge
operation also needs to reduce range fragmentation. Range
fragmentation may occur frequently because splits depend
only on current ranges in the leaf and cannot foresee future
workload, potentially causing mismatches between the leaf’s
range space and future insertions. For example, although the
split in Fig. 11 does not directly cause range fragmentation,
inserting a new range [6, 11] will span two leaves. Thus, we
propose a workload-aware merge/resplit mechanism to dy-
namically adjust the leaf’s range space.

To record the severity of range fragmentation for a period
of time, we use a leaf header field N f rag to count the inser-
tions of fragmented ranges6. When N f rag exceeds a threshold,
we perform the merge/resplit procedure for this leaf and its
left neighbor as shown in Fig. 13. We first perform normal
GC on both leaves to increase the likelihood of a successful
merge. Then, we aggregate two leaves’ entries into a tem-
porary merged array (❶). If it fits in the leaf’s capacity, we
update the left leaf using the merged array, remove the right
leaf, and update the internal nodes; otherwise, we resplit the
merged array (❷) to produce two new leaves. The resplit is
similar to the split, and it produces a more rational partition-
ing based on newer access patterns. When merging leaves,
we also merge the ranges derived from the same user-written
range, which can be identified by the user-provided function
MergeRange (Fig. 12). MergeRange determines whether two
entries can be merged based on their ranges and values. If the
two are mergeable (e.g, both their ranges and values are con-
tinuous), it returns the merged value for subsequent use. For
correct semantics, when merging ranges (e.g., [6, 6] in Node1
and [7, 8] in Node2), we preserve the relative order between

5The proof is provided in the extended version of this paper [57].
6Fragmented ranges are subranges (except the first) after a range is divided.
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Resplit Result

Origin Leaves
Capacity=4

Merged 
Range Array

Call MergeRange, 
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Figure 13: Merge/resplit example. AK is anchor key.

1 Func Put(R range, V val):
2 Leaf* target_leaf = TraverseInternalNodes(range)
3 while range is not empty:
4 if target_leaf->IsFull(): GC(target_leaf, range)
5 if target_leaf->IsFull():
6 remaining = SplitAndInsert(target_leaf, range, val)
7 else:
8 remaining = Append(target_leaf, range, val)
9 MergeResplitIfNeed(target_leaf)

10 // Update range & value to remaining range & value
11 range, val = remaining.range, remaining.val
12 target_leaf = NextTargetLeaf(target_leaf, range)

Figure 14: Pseudocode of put operation.

the merged range and the leaf’s other ranges (e.g., order be-
tween [5, 6] & [6, 8], [9, 10] & [6, 8]). Merging ranges reduces
fragmentation and improves the success rate of merge.

6 Operations and Concurrency Support

6.1 Operations
RASK supports three operations with the above designs:
Put (range, value). As the pseudocode in Fig. 14, ❶ we tra-
verse internal nodes to locate the last leaf whose anchor key
≤ range left bound, assigning it as the target leaf for the new
value (line 2). ❷ GC is performed if target leaf is full (line 4).
❸ If the leaf is still full after GC, it is split and the new entry
is inserted together (line 6). ❹ Otherwise, the new entry is
appended directly (line 8); then merge/resplit is performed
if needed (line 9). We skip merge/resplit if a split occurs to
avoid high write latency. ❺ As only the portion of the range
that fits in the target leaf ’s range space is inserted, the unin-
serted portion (i.e., fragmented range) is iteratively inserted
into subsequent target leaves (line 3-12). The next target leaf
is located through the doubly-linked leaf list (line 12).
Delete (range). Delete (range) acts as Put (range, tombstone)
basically. It inserts range with a tombstone and increments
N f rag in the leaf’s header. During the normal GC, ranges with
tombstone are physically removed. Specifically, we main-
tain an additional ordered list for ranges with tombstone (i.e.,
deleted list). When handling a leaf entry during GC, its over-
lapping portions with deleted list are removed before excuting
the GC logic. During merge/resplit triggered by N f rag, the
underfilled leaf is merged. Note that reserving a value as tomb-
stone is a common and acceptable practice in indexes [58,59].
Get (range). ❶ It locates the last leaf with anchor key ≤ range
left bound (i.e., target leaf ) using the same method as Put.
❷ It traverses the doubly-linked leaf list to the last leaf with
anchor key ≤ range right bound. ❸ It retrieves entries in each
leaf via ablation-based search. The Unfound List is initialized
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with the intersection of the range and the leaf’s range space.
Entries with tombstone are updated to the Unfound List but
excluded from the result. Notably, we may only need the value
of a subrange within a leaf’s range (e.g., in Fig. 9, only [3, 6]
within [1, 6] is required). In this case, we use the DivideValue
function (Fig. 12) to retrieve the value of the subrange. Finally,
it returns a list of values and their corresponding ranges.

6.2 Concurrency Support
RASK uses the standard optimistic lock-based concurrency
control techniques [60, 61] (i.e., per-node write locks and
version numbers). Writes must acquire relevant lock(s) first.
Version numbers are incremented before and after the node’s
mutation. Reads check version numbers before and after ac-
cessing the node, and retries if any version is changed or odd
(indicating the node is being modified). Since internal nodes
directly employ ART’s optimistic lock mechanism [62], we
focus on the concurrency safety of (1) inter-leaf interactions
and (2) leaf and internal node interactions.

In RASK, after locating the target leaf via read-only in-
ternal node traversal, there may be six concurrent operations:
insert, delete, GC, split, merge/resplit, and read. Here we ex-
plain the safety of write-write concurrency and read-write
concurrency through a case-by-case analysis.

(1) Insert (also represents delete): To prevent concurrent
leaf mutations (i.e., insert, delete, GC, split, merge/resplit),
it locks the target leaf(s). For insertion across leaves, we use
lock handover between leaves (i.e., lock next target node,
then unlock current node) to prevent the disorder of cross-
leaf concurrent updates. Concurrent reads are safe and effi-
cient because reads can be treated as capturing a snapshot of
append-only leaves, and inserts never trigger read retries.

(2) GC: To prevent concurrent writes, it locks the target
leaf. To ensure safe concurrent reads, it updates VGC (4 bits
in leaf’s header) on lock acquisition/release; reads check VGC
before and after accessing a leaf, and retry if necessary.

(3) Split/merge/resplit: ❶ To prevent concurrent writes,
splits lock the original and new leaves, and merge/resplits lock
both leaves to be merged. ❷ After the leaf is split/merged, it
is inserted into (deleted from) the leaf linked-list. Then the
deleted nodes are marked as deleted (i.e., a bit in the header)
and reclaimed by epoch-based GC. Same as B-tree, linked-list
updates are safe without acquiring additional locks. This is
because the involved unlocked leaf must be the right neighbor
of a locked leaf, whose prev pointer is protected by the lock
in its locked left neighbor [60]. ❸ After the linked-list update
is done and the leaf locks are released, the internal nodes are
updated. Before the internal nodes update is completed, the
concurrent internal node traversal may locate a wrong target
leaf. To ensure the correctness of target leaf, after locating a
leaf by internal node traversal, we traverse the doubly-linked
leaf list to find the correct target leaf as this list maintains
the latest state. ❹ To ensure safe concurrent reads, split and
merge/resplit employ Vsplit and Vmerge (4 bits in leaf’s header)

Table 1: Statistics of the evaluated traces. The scale indicates the
data volume used in our tests rather than the entire trace size.

Dataset Alibaba Cloud Meta Google Tencent

Scale 1.5 TB 150 GB 92 GB 588 GB
Duration 1 week 3 year 3 month 10 days

like GC respectively. Particularly, besides re-searching current
leaf, read retries triggered by Vmerge also search the updated
left leaf as values in the target range may have been moved
there. Retries trigggered by Vsplit do not need to search the
new right leaf, as rightward leaf traversal ensures any target
values in it will be retrieved. It is noteworthy that the split
point selection is read-only and does not require synchroniza-
tion with reads, thus Vsplit only needs to be updated around
the actual data movement. While checking version numbers,
reads also check the deleted bit, and skip deleted nodes.

Based on the above techniques, RASK’s read operations
can get a consistent view (i.e., snapshot) of each leaf, but
cross-leaf reads may (1) partially read a user-written range or
(2) miss earlier inserts while seeing later ones. We argue that
these issues are negligible in practice from both correctness
and performance perspectives. Regarding correctness, appli-
cations (e.g., EBS, DFS metadata service, flash cache) already
can tolerate these issues because they currently rely on point
indexes (e.g., Masstree [60], ART [63], Cuckoo-Trie [64], and
HydraList [65]), which exhibit the same issues when reading
a range [60, 63–65]. Regarding performance, our breakdown
of experiments in §7.3 reveals that such inconsistent cross-
leaf reads are exceedingly rare (~0.0394%), thus their impact
on overall performance and results is statistically negligible.

To further address the inconsistency of cross-leaf reads,
we can first snapshot all involved leaves while ensuring no
concurrent writes, which we leave as future work.

For persistence, RASK is currently an in-memory index.
Applications (e.g., EBS) are responsible for persistence.

7 Evaluation
We evaluate RASK from the following perspectives:
• Does RASK perform well with different workloads? (§7.2)
• How is the concurrency scalability of RASK? (§7.3)
• How do workload characteristics and parameters affect

RASK’s performance? (§7.4)
• How do RASK’s techniques contribute? (§7.5)
• Can other scenarios benefit from RASK? (§7.6)

7.1 Experimental Setup
Setup. We run experiments in §7.6 on a server with 2
Intel® Xeon® Gold 5317 CPUs (3.00 GHz, 12 cores), 188 GB
DRAM and 7 TB NVMe SSD. Other experiments are run on a
server with 1 Intel® Xeon® Platinum 8369B CPU (2.70 GHz,
24 cores) and 96 GB DRAM. All experiments except those
in §7.3 and case 3 in §7.6 are single-threaded as the internal
logic of the cloud block store is single-threaded.
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Table 2: Baseline selection. For HOT and Cuckoo Trie, we do not implement RKey versions as their source code lacks the deletion interface.
For PGM-index, we do not implement the Lazy version as it only supports numeric keys. As highlighted in bold, we choose Lazy B-tree, Lazy
ART, original Wormhole, Eager Hydralist, and original PGM-index as subsequent baselines.

Index Type B-tree ART Wormhole HydraList PGM-index
Original Eager Lazy Original Eager Lazy Original Eager Lazy Original Eager Lazy Original Eager

Throughput (Mop/s) 0.586 1.52 1.72 1.51 1.28 1.53 0.218 0.124 0.190 0.0540 0.170 0.050 0.725 0.003
Memory (MB) 470 50.2 48.6 1830 782 599 618 1820 1399 86.6 77.7 93.2 204 147
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Figure 15: Throughput and memory footprint of RASK and baselines on the Full Dataset.

Parameters. By default, we configure RASK’s parameters as
follows: (1) The leaf’s capacity is 16; (2) The merge/resplit
trigger threshold is 4 (i.e., 1

4 of the leaf size). We also evaluate
RASK across varied parameter settings in §7.4.1.
Benchmarks. Our primary benchmark is EBS traces of 1.8 k
VDs from 4 clusters (§3) at Alibaba Cloud. We use post-I/O
compaction (§3.1) results of these traces as Full Dataset. We
sample 100 VDs to form Sampled Dataset, covering all work-
loads at all load levels. Since an experiment on Full Dataset
takes at least 5–7 days, we only use Full Dataset for overall
experiments (§7.2, §7.4.2) and use Sampled Dataset for the
others. We also use traces from Tencent, Meta, and Google
to show RASK’s effectiveness in other vendor’s EBS and
various scenarios (e.g., flash cache, DFS metadata service).
Trace specifications. The traces from Alibaba Cloud EBS
contain a sequence of I/O requests with LBA, length (in 4 KB
blocks), type (read/write), and timestamp. We replay these
requests in chronological order, with original time intervals
omitted. This is a common evaluation practice [11, 66], as
omitting time intervals does not affect the index’s memory
usage or single-threaded performance, and better reveals its
behavior under multi-threaded contention. Traces from other
vendors are in similar formats and are replayed similarly. We
further provide more statistics about these traces in Table 1.
Baselines. As a general-purpose index optimized for range-
write heavy workloads, RASK can benefit any apps with such
characteristics, no matter which index it currently uses. To
verify this, we compare RASK with 9 SOTA ordered indexes7:
Cuckoo Trie [64], HydraList [65], Wormhole [58], HOT [63],
PGM-index [32], thread-safe STX B-tree [30, 67], (ROWEX)
ART [62], segment tree [68], and interval tree [26, 69]. We
also compare with the EBS-index (§2.1), refered as Origin.
For EBS-index, we use its default configuration (converting
to SSTable when MemTable’s size reaches 128 k LBA).

7HINT [27] is a SOTA range-aware index, we do not compare with it as its
open-sourced implementation does not support updates.

For the seven point indexes in baselines, we implement
their Eager and Lazy RKey variants (§3.4) if possible for fairer
comparison. Table 2 shows their throughput and memory us-
age on Sampled Dataset. We select their best-performing and
most memory-efficient versions for subsequent experiments.

7.2 Overall Performance

Throughput. Fig. 15(a) shows RASK’s throughput reaches
2.76–37.8× that of 9 SOTA ordered indexes. Their poor per-
formance stems from: (1) handling range overlaps per write
and read (B-tree, ART, Hydralist, Wormhole), (2) splitting a
range operation into multiple point operations (HOT, Cuckoo
Trie), (3) frequent SMOs (PGM-index), and (4) accumulating
obsolete ranges (segment tree, interval tree). The throughput
of RASK is 1.15–1.82× that of Origin, proving RKey’s ad-
vantage over per-LBA updates. RASK’s log-structured leaf
greatly reduces the frequency of GC, while two-stage GC and
ablation-based search speed up overlap handling.

Memory footprint. As Fig. 15(b) shows, RASK uses only
1.15–54.7% of baselines’ memory. Notably, it requires only
~19.9% of Origin’s memory, showing that RASK can greatly
reduce the memory footprint of EBS-index. Moreover, RASK
uses only 5.31–20.5% of the memory required by the segment
and interval tree, proving its memory efficiency from remov-
ing covered ranges. For baselines, Cuckoo Trie and HOT
consume the most memory as they are point indexes requiring
more entries. The memory overhead of the segment and inter-
val tree mainly stems from the obsolete ranges. B-tree is the
most memory-efficient baseline due to its multi-entry leaves.
Trie-based indexes (Cuckoo Trie, ART, HOT) consume more
memory due to single-entry leaves. RASK and HydraList
mitigate this by packing multiple entries per leaf.

Latency. We measure both average and tail latency distri-
butions (P99–P99.999) for RASK and baselines. As shown
in Fig. 16, RASK achieves lower average and tail latency
across all workloads, reducing P99 latency by 23.9–97.6%
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Figure 18: Impact of RASK’s parameters on the Sampled Dataset.

and P99.999 by 34.2–99.7% vs. baselines. It confirms the
efficiency of log-structured design, two-stage GC, and range-
tailored split/merge. Notably, RASK reduces P99.99/P99.999
latency by 90.9%/98.8% vs. Origin by avoiding write stalls
from LBAIndex’s LSM-like structure. For other baselines,
their high tail latency is mainly due to the frequent SMOs
from handling range overlaps or using multiple point writes
to achieve range updates. As a learned index, PGM-index
exhibits the worst tail latency among baselines because of the
overhead from model retraining and cascading updates.

7.3 Scalability Analysis
Fig. 17 compares the multi-threaded performance of RASK
with other thread-safe baselines. Note that Alibaba Cloud’s
EBS traces are inherently single-threaded for each VD. There-
fore, we create multi-threaded workloads by distributing op-
erations of a single VD trace evenly across multiple threads
while maintaining their original order. RASK’s throughput
reaches 3.08–21.5× that of the baselines at 24 threads. This
is because baselines use read-optimized concurrency control
and in-place updates. Range writes and handling range over-
laps cause longer write time, leading to higher contention
and lower throughput. In contrast, RASK’s log-structured leaf
reduces lock duration for most writes, and version numbers
are modified only around node mutations, reducing read-write
conflicts. Thus, RASK scales well with 1–12 threads. Beyond
12 threads, performance growth slows as some write-heavy,
highly skewed traces increase contention. Our further analysis
reveals that RASK still scales well for traces with more reads
and less skewed writes at 12–24 threads.

We also measure the latency of RASK and baselines under
multi-threading. Results show that as thread count increases,
RASK outperforms baselines more significantly in both av-
erage and tail latency. At 24 threads, RASK reduces average

latency by 85.9–98.3% and tail latency by 82.3–99.9% vs.
baselines. It proves that RASK’s optimistic concurrency con-
trol is efficient, and GC/SMOs are not tail-latency bottlenecks.
Particularly, split/merge merely blocks concurrent writes (<
0.01% cases), indicating negligible contention.

7.4 Sensitivity Analysis
In this section, we evaluate the sensitivity of RASK from
two perspectives: (1) RASK’s parameters (§7.4.1), and (2)
workload characteristics (§7.4.2).

7.4.1 Impact of RASK’s parameters

Impact of merge trigger threshold. Fig. 18(a) shows the
throughput and memory usage of RASK when merge/resplit
trigger threshold is 1

8 , 1
4 , 1

2 , 3
4 , and 1 of the leaf size. A lower

threshold increases merge/resplit frequency, saving memory
(~24.0%) but slightly lowering throughput (~1.67%).
Impact of leaf capacity. Fig. 18(b) shows RASK’s perfor-
mance trend as the leaf capacity increases from 8 to 128
entries: the peak throughput occurs at 16 entries. Fewer en-
tries increase GC frequency, hurting throughput. Meanwhile,
more entries raise the overlap-handling cost, also degrading
performance. Memory usage drops 31.3% from 8 to 64 en-
tries as fewer nodes lower metadata costs, but rises 9.09% at
128 entries due to greater memory waste from idle entries.

7.4.2 Impact of workload characteristics

Impact of range length. Fig. 19(a) shows that RASK’s ad-
vantage scales with longer ranges. For short ranges (average
length < 10), it achieves 1.84–12.71× higher throughput than
9 ordered indexes and 11.1% higher than Origin. Under worst-
case sparse writes (average length≤ 2), RASK outperforms
9 ordered indexes by at least 1.56×. It only slightly under-
performs Origin by 6.64%, owing to Origin’s efficient O(1)
updates for small writes. This indicates that tasks with range
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length > 2 can typically benefit from RASK. When the aver-
age range length≥ 100, RASK outperforms Origin by 16.10×
and exceeds other 9 baselines by 17.2–312.97×.
Impact of read/write ratio. Fig. 19(b) shows that RASK
performs well across all read/write ratios. It outperforms base-
lines by 16.0%–37.3× for read-heavy workloads (write ratio
< 5%), 39.1%–38.7× for write-heavy workloads (write ratio
≥ 90%). As GC frequency correlates with write ratio, this also
proves RASK’s strong performance under varying GC fre-
quencies. This stems from: (1) The log-structured leaf speeds
up writes while enabling early termination for efficient reads;
(2) The ablation-based search enhances query efficiency.

7.5 Breakdown Analysis
Contributions of techniques. We apply each technique in

RASK one by one to the original ART with optimistic locking.
Fig. 20 shows how each technique contributes to the overall
performance and memory usage.

+ Log-structured leaf. We scale the leaf size from single-
entry to multi-entry, adapt the log-structured design, and sup-
port RKey. It improves throughput by 1.50× and reduces
memory usage by 90.3% compared to the original ART. The
total frequency of GC relative to write operations is 5.08%, in-
dicating that the log-structured design effectively circumvents
the overhead of handling range overlaps for most writes.

+ Normal GC. This step improves the throughput by 70.6%
on average. This gain is primarily due to normal GC main-
taining the NonOverlap List, which helps efficiently identify
old ranges covered by multiple new ranges for batch deletion.

+ Two-stage GC. In this step, in addition to normal GC, we
implement lightweight GC, forming a two-stage GC mecha-
nism. This step improves average throughput by 24.1% com-
pared to the normal GC alone, owing to the lightweight GC’s
ability to quickly free occupied slots, thereby reducing block-
ing time for incoming writes. The average effectiveness prob-
ability of lightweight GC is 59.1%.

+ Ablation-based search. This step improves the average
throughput by 12.6% even though most traces are write-heavy,
proving the effectiveness of the ablation-based search.

+ Range-conscious split. This step improves the average
throughput by 7.56% and cuts memory usage by 26.0%, show-
ing this technique effectively identifies suitable split points.

+ Workload-aware merge and resplit. This step reduces
the average memory usage by 7.70%, despite it incurs a slight
performance overhead (1.90%) due to merge/resplit checks.
In practice, the merge/resplit only occurs when necessary,
keeping its overhead low (avg. frequency: 0.87% of writes).
Breakdown of range-conscious split. We further analyze
the quality of split points obtained by range-conscious split.
Across all workloads, 84.3% of splits do not divide any range,
effectively avoiding range fragmentation. Less than 0.01%
splits require a second split—making the overhead of second
splits negligible. The average difference in entry counts be-
tween the two new leaves is less than 2.34, showing that the
range-conscious split can achieve relatively balanced splits.

7.6 General Applicability Analysis
We apply RASK to the following three scenarios to show that
RASK is not only effective for Alibaba Cloud’s EBS, but also
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generalizable to other scenarios with extensive range writes.
Case 1: EBS of other vendors (Tencent trace). To verify
RASK’s applicability beyond Alibaba Cloud, we evaluate it on
Tencent’s EBS traces (thousands of VDs over ten days). As
Fig. 22 shows, RASK achieves 2.35–49.21× throughput, 27.4–
99.3% lower memory usage, and 46.4–98.8% lower tail la-
tency vs. baselines, as range-write is a widespread pattern in
EBS. This proves RASK’s cross-vendor effectiveness.
Case 2: DFS metadata service (Meta trace). Meta’s exabyte-
scale DFS (Tectonic) uses RocksDB [28, 70] for meta-
data service, including a block-to-file mapping. To validate
RASK’s effectiveness in this scenario, we replace RocksDB’s
MemTable with RASK and evaluate it with Tectonic’s 3-year
traces (from 7 clusters). For RocksDB, we use its default con-
figuration, including various parameters and concurrency con-
trol mechanisms (i.e., MVCC). Fig. 21 shows RASK achieves
up to 7.46× the throughput of the original RocksDB since
RASK is more memory-efficient than skiplist, allowing more
entries to stay in memory and boosting query performance.
Case 3: Flash cache index (Google trace). Given Google’s
storage clusters using flash cache [9], we simulate RASK’s
effectiveness in flash cache scenarios using 3-month traces
from 3 Google clusters. Fig. 23 shows that RASK achieves
1.52–37.52× higher throughput, reduces memory usage by
3.2–99.9%, and cuts tail latency by 4.2–99.4% vs. baselines.
The only exception is that segment tree’s tail latency is lower
than RASK, as it avoids the overhead of removing covered
ranges—which has minor impact under light load—but incurs
high memory overhead.

8 Related Work
Memory-efficient indexes in block devices. In SSDs, the
Flash Translation Layer (FTL) handles logical-to-physical
(L2P) mapping [71], which is ideally cached in memory. Var-
ious device-side FTL designs have explored reducing the
memory footprint by leveraging I/O patterns [72–76], with
some exploiting write sequentiality [77,78]. However, to meet
SSD requirements, these designs still operate at the LBA
granularity rather than range, thus incurring additional conver-
sion and operational overhead. On the other hand, host-side
FTLs for open-channel SSDs [79–81], Zoned Namespaces
(ZNS) [82–85], and Flexible Data Placement (FDP) [86, 87]
reduce memory overhead by degrading page-level mapping to
zone/reclaim unit-level, thus reducing mapping entries. How-

ever, this fixed range size (e.g., zone size) limits flexibility
and imposes more strict requirements on applications. RASK
natively supports variable-length range indexing, making it
more flexible and applicable for cloud block storage systems.

B-tree/Trie-based in-memory indexes. Current SOTA in-
memory ordered indexes are primarily based on B-trees [67,
88–90], tries [31, 63, 64], or their hybrids [60, 91]. HydraL-
ist [65] and Wormhole [58] use trie-like internal nodes for fast
leaf access and B-tree-like leaves for efficient range queries
and memory efficiency. While RASK also uses trie-style in-
ternal nodes and B-tree-style leaves, it is further designed for
indexing ranges rather than individual objects.

Memory-efficient persistent KV stores. Persistent KV stores
(e.g., LSM-tree) require an in-memory index and/or cache
for faster data access. Many works have improved the perfor-
mance of KV stores by optimizing cache [92–96] and index-
ing [97–101]. RASK can serve as the in-memory component
for persistent KV stores, enhancing their memory efficiency.

9 Conclusion

We propose RASK, a memory-efficient and high-performance
index that natively supports range-as-a-key. We employ sev-
eral techniques to address the challenges of range overlap
and range fragmentation. Evaluation on four industry traces
shows RASK’s advantages compared to ten SOTA indexes.
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