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Log-structured merge-trees (LSM-trees) are widely used in modern key-value stores, but their multi-level
structure reduces lookup efficiency, especially for range scans. Existing caching solutions, like block caches
or full query caches, are memory-inefficient because they fail to exploit a critical asymmetry: eliminating
an I/O from upper LSM-tree levels requires caching far fewer key-value pairs (KVs) than from lower levels.
To address this, we introduce Group Cache, which uses KV Groups, the minimal set of KVs within a block
for a specific query, as its fundamental caching unit. By employing a size-aware policy that prioritizes small,
high-utility KV Groups, Group Cache maximizes I/O savings per unit of memory. We also address practical
challenges like compaction management, intra-group hotness difference, and scalability. Our theoretical
analysis and extensive experiments in RocksDB demonstrate that Group Cache significantly outperforms
traditional caching methods, achieving up to 3x faster query performance with the same memory budget, or
achieving similar performance while using 75% less space.
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1 Introduction

Log-structured merge-trees (LSM-trees) are a foundational data structure for modern key-value
stores [2-8, 24, 26, 45] and are widely used in production systems [9, 18, 22, 27, 33, 36, 42, 43]. LSM-
trees achieve high write throughput by buffering writes in memory and flushing them sequentially
to disk as sorted runs, which are later sort-merged via a process called compaction. However,
this multi-level structure degrades read performance, particularly for range scans, because the
requested items are likely scattered across multiple sorted runs. Recent works [34, 39, 49, 59]
have proposed complex compaction policies to trade write efficiency for faster scans for specific
workloads. Nevertheless, [34] proves that by simply tuning the compaction policy, it is theoretically
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Fig. 1. An example of different cache designs. Each cache could store 4 KVs. The workload contains 5 queries
Q0-Q4, and their hotnesses are 0.3, 0.2, 0.2, 0.2, 0.1, respectively. The LSM-Tree contains 6 blocks B0-B5. The
accessed KVs of each query are marked in the same color as the query. The Block Cache stores the hottest
data block B2, saving 0.3 I/O. The Range Cache stores the result of the hottest query QO, saving 0.6 I/O. The
Group Cache stores the small KV Groups of Q0-Q3, saving 0.9 I/O.

impossible to improve an LSM-tree’s scan performance without degrading its write performance,
and unfortunately, many real workloads are both write-heavy and scan-heavy, such as LinkBench [9]
(31% write, 18.3% get, and 50.7% scan) and Assoc_2ry [11] (56% write and 44% scan). Consequently,
efficient range scans remain a primary and unresolved challenge in LSM-tree design.

This paper introduces a simple yet effective method for improving range scan performance based
on a key observation: For any given range query, the number of matching keys is highly asymmetric
across the levels of an LSM-tree. Upper-level runs typically contain few relevant key-value pairs
(KVs), whereas lower, larger levels often contain many. Consequently, the cost of preventing one
I/O operation varies dramatically; Caching results from an upper level is inexpensive, while doing
so for a lower level requires caching a long sequence of KVs.

Existing LSM-tree caching mechanisms, such as RocksDB’s Block Cache [6] and Range Cache [50],
are fundamentally limited by their operation-agnostic design. These mechanisms fail to exploit
the above Range-access Asymmetry. They treat all I/O operations as equivalent and consequently
allocate significant cache space to large, lower-level runs, yielding disproportionately small I/O
performance gains. This inefficiency is detrimental even in workloads dominated by point queries.
Because a single range scan can leave a large data footprint, a hot scan can evict numerous warm
cache entries vital for frequent point queries. As shown in our benchmarks on the real-world
Prefix_dist workload [11] (14% inserts, 83% point queries, and 3% scans), scanned items account for
58% of the Range Cache usage. This cache-space contention results in high p90/p99 query latencies
(including both point and range queries), and the problem is exacerbated with an increasing memory
pressure [31] caused by ever-growing data volume.

To leverage the Range-access Asymmetry in LSM trees, we propose the KV Group as a new
caching unit. A KV Group is defined as a contiguous sequence of key-value pairs from a data
block that are relevant to a range/point query. As shown in Figure 1, a query will access one
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Fig. 2. Static Optimal Performance of different caching granularities. The experiment is conducted on a
scan-only workload with a Zipf factor of 0.8. The LSM-tree contains 20 sorted runs (8 at L0), each equipped
with a range filter. Given exact knowledge of the workload, we measure the cache hit rate by directly keeping

the hottest data blocks, query results, and KV Groups with the highest frequency

sze ratio in the cache.

or two data blocks in the LSM-Tree, and their target keys are marked as the same color as the
query. Colored keys in a data block form a KV Group. It represents the exact set of KVs read by a
single I/O. Therefore, while KV Groups differ greatly in size—directly reflecting the Range-access
Asymmetry—caching any one of them provides the uniform benefit of saving one I/O. Based on
this observation, we introduce Group Cache, a system that uses the KV Group as its basic caching
unit. The novelty of Group Cache is that it disaggregates a query’s results into their constituent
KV Groups and manages each group individually to save more I/O under the same memory budget,
as shown in Figure 1. Fundamentally, refining the cache unit with the KV Group increases static
optimal performance (defined in Section 5.1). As shown in Figure 2, KV Group caching achieves 2x
higher static optimal cache hit rate than both block-based and full-result caching.

We further addressed three practical challenges: cache management during compactions, intra-
group hotness differences, and scalability. We implemented Group Cache within RocksDB and
applied LRU-S [30] cache policy. We evaluated Group Cache using microbenchmarks, YCSB [15],
LinkBench [9], and 5 real workloads in [11]. Our results show that Group Cache substantially
and consistently outperforms existing caches. It delivers up to 3x the query throughput of the
default Block Cache and Range Cache while being far more memory-efficient; achieving similar
performance with the Block Cache requires 4X the cache space.

We make three primary contributions in this paper. First, we identify the Range-access Asym-
metry in LSM-trees and its implications for caching efficiency. Second, we propose Group Cache,
a system that leverages this asymmetry by using variable-sized KV Groups as its basic caching
unit. We prove that our approach yields superior static optimal performance compared to existing
methods. Finally, we implement Group Cache in RocksDB with three size-aware cache policies and
demonstrate experimentally its performance advantages over state-of-the-art approaches under
the same memory constraints.

2 Background & Related Work
2.1 Key-Value Stores

LSM-Tree-Based Key-Value Stores. LSM-Tree stores data in multiple levels of sorted runs whose
capacities grow exponentially with the size ratio T. Writes are buffered in memory and flushed
to level 0; when a level exceeds its budget, background compaction moves data to the next level.

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 47. Publication date: February 2026.



47:4 Hengrui Wang, Jiaoyi Zhang, Jiansheng Qiu, Fangzhou Yuan, & Huanchen Zhang

Compaction policy determines the read/write trade-off: Leveling policy keeps a single run per level,
and favors reads at higher write cost, while Tiering (Universal) policy allows multiple runs per
level and lowers write cost at the expense of read amplification. Many systems use hybrids such as
lazy leveling [6, 19, 20]: upper levels use tiering and only the last level uses leveling; when up to
T — 1 runs accumulate, they are merged into one and pushed to the next level, and if the target is
not the final level its contents are left untouched, which reduces write overhead relative to pure
leveling [44]. LSM-trees also attach probabilistic membership filters to reduce unnecessary 1/0O,
typically one Bloom filter per SSTable with a tunable false positive rate [14, 17, 21, 63].
B-Tree-Based Key-Value Stores. B-Tree-based key-value stores organize records in a single
sorted run and keep inner nodes in memory, so that a point lookup typically needs one I/O, but
they suffer from high write amplification. Recent systems revisit update-in-place designs and
proposed several methods to improve the write performance for B-Tree-based KV stores. TreeLine
[58] combines record-level caching to keep hot tuples in memory, page grouping to turn logical
scans into long physical reads, and insert forecasting to reduce page reorganizations. Bf-Tree [25]
further observes that access within a page is highly skewed, so caching at page granularity wastes
memory and amplifies writes; it decouples buffer-pool entries from on-disk pages and introduces
variable-length mini-pages that cache only hot sub-ranges and buffer recent updates. It leverages
the skewness in a read-optimized system to optimize the write performance. Differently, we focus
on a write-optimized LSM system to optimize the read performance. Although we take a similar
direction of leveraging skewness, our observed skewness is a structural property, which is also
different from Bf-Tree.

2.2 Range Scan Optimizations in LSM-Trees

Range scan performance remains one of the key challenges in LSM-trees. Range filters [12, 16, 23,
32, 35,47, 48, 52, 60, 62] have been proposed to partially mitigate this issue by avoiding unnecessary
I/Os. These filters determine whether a given query range may contain keys in a sorted run and
can skip probing the run if the filter returns a negative result. Modern, powerful filters can reduce
the number of unnecessary I/Os to nearly zero, as shown in previous research [48]. However, they
cannot help when the target range exists in most of the sorted runs. In [48], the author shows that
state-of-the-art range filters can hardly improve the performance of scanning 20 consecutive KVs,
even with higher bits-per-key. The reasoning is that the read amplification does not stem from
unnecessary accesses, but from the block-level access granularity of SSDs. Even with ideal range
filters (i.e., filters with zero false positives), the performance improvement remains limited, and the
additional computational overhead further reduces their benefit [48].

Compaction is the main technique for improving the performance of range scans in LSM-trees.
By clustering related keys into fewer blocks, compaction reduces the number of I/O operations
required for range queries. However, this benefit comes at the cost of increased write amplification.
Consequently, numerous studies have focused on designing compaction policies that balance
read and write efficiency [19, 20, 39]. A recent work, Moose [34], analyzed the trade-off between
range query cost and update cost, and proposed a theoretical Pareto frontier that characterizes
the fundamental limitations of compaction-based optimization. The conclusion is that optimizing
range scan performance through compaction inevitably worsens write performance.

Another optimization in recent RocksDB is asynchronous seek and prefetching [1]. These
techniques overlap seek operations across sorted runs and prefetch data blocks into the Block Cache
during sequential scans. However, prior work shows that, with range filters, a seek requires nearly a
single I/0 [49]. RocksDB also reports that prefetching can harm short scans by fetching unnecessary
blocks [1]. These optimizations parallelize I/Os rather than reduce them. In our benchmarks on
real workloads, asynchronous I/O can hardly improve the performance (Section 7.4).
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Fig. 3. The KV Group size distribution on real workloads.

2.3 Caching in LSM-Trees

Block cache is the most widely adopted caching scheme in systems like LevelDB [2] and RocksDB [6].
It stores frequently accessed data blocks in memory to accelerate both point lookups and range
queries. Typically, it uses a hash table to index cached blocks and an LRU chain to manage eviction.
While this approach is simple and practical, it suffers from several critical limitations. First, block
cache suffers from poor memory efficiency, as it caches entire data blocks even when a query
accesses only a few keys within them. Second, block cache suffers from the cache invalidation
problem during compaction [56]. When SSTables are merged together, previously cached data
blocks may no longer exist. Some designs [3, 53] use KV granularity instead of block granularity.
These KV caches improve memory efficiency but sacrifice the ability to accelerate range queries.
So we will not discuss KV caches in this paper.

In [50], the author proposed a novel Range Cache based on query granularity. It caches the
entire result of recent range queries. If the same range is queried again, the result can be returned
directly from memory without any disk access. This design is effective for workloads with high
temporal locality. Nevertheless, the lack of spatial locality still brings Range Cache significant
drawbacks under real workloads. For example, two correlated range scans (such as scan(0, 100) and
scan(100, 200)) could access the same data blocks. However, caching the result of the first query
cannot reduce any I/Os for the second one. Range Cache is an intuitive solution, but it ignores the
differences among I/Os within the same query.

3 Asymmetry in LSM-Tree Range Scans

Range scans in LSM-Trees suffer from significant performance degradation due to high read
amplification. This amplification arises from the need to access multiple sorted runs across different
levels, with each access typically incurring a disk I/O. Prior work mainly focused on identifying hot
blocks or queries, but overlooked the fact that eliminating an I/O requires a significantly different
amount of cache space across all levels of the LSM-Tree.

We first analyze the minimal data unit required to eliminate a single I/O for a range query. In
this paper, we assume that the LSM-Tree only probes sorted runs that contain keys in the target
range during a range scan!. When a range query retrieves key-value pairs (KVs) from a data block,
it incurs exactly one I/O, regardless of how many target KVs reside within that block. Caching only
a subset of these KVs does not eliminate the 1/0, as the block must still be accessed to retrieve the
remaining KVs. Therefore, to avoid this I/O, all relevant KVs within the block must be cached.

This all-or-nothing behavior leads us to define a KV Group as the minimal unit of data that
must be cached to eliminate a single I/O for a given query. A KV Group consists of all key-value

IThis is because most irrelevant sorted runs can be skipped by range filters.
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Fig. 4. An overview of Group Cache. The LRU chain and skip lists are stored in memory.

pairs within a data block that fall into the query’s range. If a query’s target KVs span multiple data
blocks, each data block will have a KV Group. Thus, each KV Group contains up to B KVs, where B
is the maximum number of KVs per block. These KV Groups are managed independently. For ease
of discussion, we assume that a range query maps to at most one KV Group per sorted run. As
shown in Figure 4, each blue segment corresponds to a KV Group for the query scan(50, 80).

The Range-access Asymmetry is a structural property that emerges from the exponential growth
in sorted run sizes across LSM-Tree levels. When keys follow similar distributions across runs, the
expected number of keys within any specific range decreases exponentially from lower to upper
levels. Consequently, KV Groups from upper-level sorted runs are typically very small (one or
two KVs), while those from lower-level runs are substantially larger, as demonstrated in Figure 1.
When distributions differ, the asymmetry usually becomes more pronounced as specific key ranges
concentrate in particular sorted runs.

We validate this asymmetry using three scan-heavy real workloads: YCSB-E [15], LinkBench [9],
and Assoc_2ry [11]. The KV Group size distributions for these workloads under two compaction
policies are shown in Figure 3. A data block typically contains approximately 30, 60, and 100 KVs in
YCSB-E, LinkBench, and Assoc_2ry, respectively. Across all settings, the KV Group size distributions
are highly skewed, and the skewness becomes more pronounced with the Lazy Leveling policy. The
reason is that an LSM-Tree with the Lazy Leveling policy has a single largest sorted run, together
with numerous but smaller sorted runs, compared with the Leveling policy. This indicates that
the structural asymmetry is amplified in modern LSM-Tree systems that adopt lazy compaction
policies [19, 20, 34, 49] like Lazy Leveling.

Consequently, most of the I/Os could be eliminated by caching very few KVs, while others
need to cache far more KVs. We consider a range scan retrieving K consecutive keys spanning L
levels in an LSM-Tree with leveling compaction and size ratio T between adjacent levels. Given the
LSM-Tree’s exponential growth property, each level contains roughly T times as many target keys

as the level above. So approximz?tTely) IT( keys are retrieved from the upper L — 1 levels (requiring
-1)-K
T

L — 11/Os), while the remaining keys come from the last level (requiring 1 I/O). Traditional
block caching and full query result caching fail to exploit this asymmetry. They treat all I/Os equally
and store L - B keys and K keys respectively to save all L I/Os in future queries. However, if we
instead cache only the % keys from upper levels—effectively caching the small KV Groups—we can
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eliminate L — 11/Os while consuming only 7 of the memory. In conclusion, because KV Groups
differ intrinsically, we should manage them individually—prioritizing smaller KV Groups—rather
than treating all I/Os as equal, as in Block and Range caches.

4 Group Cache: Exploiting the Asymmetry

This section introduces Group Cache, a caching system designed to exploit the range access
asymmetry in LSM-Trees. Group Cache uses the KV Group as its cache granularity, as KV Groups
naturally reflect the range access asymmetry. Group Cache consists of two main components: (1)
data structures that store KV Groups in memory, and (2) cache policy that govern their admission
and eviction. An overview of Group Cache is shown in Figure 4.

4.1 Group Cache Design

As shown in Figure 4, Group Cache maintains two core data structures: per-run skip lists and a
global LRU chain. We adopt skip lists in Group Cache to store KV Groups in order, which offers
flexible memory allocation and fast search performance. To manage cache admission and eviction,
a global LRU chain supports size-aware, LRU-based cache policies.
The skip list. Each KV Group has a skip list node, which stores: the group’s key range (Ib, ub), a
pointer to the corresponding LRU node (LRU_ptr). As the KV Groups have variable sizes, we store
them separately from the corresponding skip list node. The skip list node uses a pointer (KV_ptr)
to find its KV Group. A per-KV 8-bit access counter (Cnt) is stored together with each KV pair for
group splitting (see Section 6.1). Within each skip list, KV Groups are sorted by their lower bounds.
As each KV Group is related to a specific sorted run, we need to reconstruct the cached KV
Groups during compactions. To localize and speed up this process, we built each sorted run a local
skip list to cache the KV Groups in this sorted run. During compaction, we will reconstruct the
KV Groups and merge multiple skip lists together. This design mirrors RocksDB’s use of per-run
Bloom/Range filters. This merge incurs less overhead than filter merging because the skip list is
not persisted, whereas filters must be rewritten to SSD.
The LRU Chain. FEach LRU node represents a unique KV Group and stores: (1) a pointer to the
group’s skip list node (SL_ptr), and (2) a timestamp (7S) marking the most recent promotion to the
head of the chain. To evict a KV Group, the system uses the pointer to locate its skip list node and
removes both the LRU node and the skip list node. To improve scalability under concurrency, the
LRU chain is physically partitioned into shards, but logically managed as a unified global chain
based on timestamps (see Section 6.2).
Query Process. In LSM-Trees, each sorted run is queried independently. Given a query range
[1b, ub] and a sorted run sr, the system searches sr’s skip list to locate relevant KV Groups. The
search begins by locating the last node whose lower bound is below [b, and proceeds until the first
node whose lower bound exceeds ub. The KV Groups between these nodes potentially overlap
with the query. A cache hit occurs only when the union of these KV Groups fully covers [Ib, ub]
(Step 1.1 in Figure 4), in which case the query proceeds to the next run. Based on the cache policy,
the associated LRU node may be promoted with a certain probability (Step 1.2). If no matching KV
Group is found, this is a cache miss (Step 2.1). The system then fetches the target data block from
disk (Step 2.2) and inserts the KV Group into the cache with a certain probability (Steps 2.3-2.4).
When admitted, we assign the KV Group’s range to [Ib, ub] to maximize its future coverage, even if
no key in the group exactly equals /b. If only part of the query is cached, the uncovered sub-ranges
are split and handled as new queries. For example, if [1b, uby] is partially covered by cached ranges
[1bo, ubq] and [1bq, uby] (with ub; < Iby), the intermediate range [ub; + 1,1b; — 1] is treated as a
separate cache miss.
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Cache Policies. KV Groups vary in size, so our cache policy must account for both hotness and
memory cost. In our implementation, we use the simplest size-aware LRU variant, LRU-S [30] (see
Section 5.2). We will demonstrate, both theoretically and experimentally, that such a policy can
closely approach the static-optimal performance when applied at the KV Group granularity. It is
worth noting that there are many advanced hotness-modeling algorithms [10, 13, 38, 40, 41, 51, 57,
61]. However, such improvements are orthogonal to our primary contribution, and we also show
experimentally that two advanced policies—AdaptSize [10] and Cliffhanger [13]—do not improve
performance over LRU-S.

Node Access and Promotion. The above cache policies prioritize smaller KV Groups by promoting
or admitting them with a higher probability of access. Each promotion updates the node’s timestamp.
However, range queries may only access a subset of KVs in a group, causing uneven hotness. To
handle this, we define a KV Group as “accessed” only when all of its KVs have been read at least once.
Each KV tracks access frequency with a counter. When all counters exceed 1, the group is eligible
for promotion. If promotion succeeds, all counters reset to 0; otherwise, they are decremented by
1. This method may evict hot KVs alongside cold ones. To mitigate this, we introduce a group
splitting mechanism that partitions KV Groups based on access patterns (see Section 6.1).
Overhead Analysis. Group Cache’s main time overhead comes from skip-list operations, each
taking less than 1 ps, which is negligible compared with a disk I/O of about 80 ps. For space, each
LRU node in Group Cache and Range Cache uses 24 bytes of pointers, an 8 byte timestamp?. Each
Range Cache skip-list node uses 40 bytes of pointers. Besides, each node also needs 4 byte reference
and 1 byte flag for concurrent control. In total, the metadata needed to maintain these structures is
77 bytes. For Group Cache, an additional 2- |key| bytes are used to store the lower and upper bounds
(Ib and ub). Assuming a KV Group contains G KVs, the per-KV metadata is 77 bytes for Range
Cache, and %lkeyl + 1 bytes for Group Cache, where the +1 accounts for the per-KV counter.
When keys are large, Group Cache can omit storing [b and ub in the skip-list node and instead
reference the start and end keys already present in the KV Group. When KVs are variable-sized,
both Range Cache and Group Cache require an additional 3 bytes per KV (1 byte for the key length
and 2 bytes for the value length) to record lengths.

In contrast, Block Cache needs 92 bytes of metadata per cached data block. In our benchmarks
with 8 byte keys and 256 byte values, and an average Group size of 3.3 KVs, metadata consumes
approximately 2%, 22%, and 10% of total cache space in Block Cache, Range Cache, and Group
Cache, respectively. Although Block Cache appears to have smaller metadata, a fixed-size data
block can contain many non-target bytes, which reduces space efficiency for range scans. When
the KV size becomes smaller, the metadata overheads of Group Cache and Range Cache increase;
however, in such cases, a cached data block also tends to include more unrelated data.

4.2 Managing Group Cache During Compaction

Compaction changes the LSM-Tree structure by merging multiple sorted runs into a new one.
In this process, the KVs in the affected runs are reorganized; therefore, KV Groups in the old
runs are invalidated, since caching them individually no longer saves I/O. As shown in case 2
of Figure 5, the blue segment {10, 31} represents a KV Group related to the range query scan(5,
40). After compaction, caching {10, 31} no longer saves I/O for scan(5, 40). To address this
cache-invalidation issue, Group Cache extracts all cached KV Groups from the runs involved in the
compaction. If some cached KV Groups are related to the same query®, they are merged into a new
2Although the original Range Cache does not include a timestamp in LRU nodes, we find it necessary for concurrency
control.

3In practice, KV Groups that overlap in range should be merged even if they originate from different queries. We assume all
queries are disjoint for ease of understanding.
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Fig. 5. Merging KV Groups during compaction. Dashed rectangles are sorted runs created by compaction.
White numbers in the sorted runs represent cached keys. Red LRU nodes are to be evicted. The green LRU
node is newly created.

KV Group. The Group Cache then decides whether to retain the new KV Group. Specifically, there
are two different cases as proposed below.

Case 1. The new KV Group fully covers all target KVs related to the query in the newly created
sorted run. In this case, we retain the group in the Group Cache, as it can still eliminate I/Os for
future queries. If the group remains unchanged by compaction (i.e., it is not merged with others),
its LRU node remains in its original position. However, if the group results from merging multiple
overlapping KV Groups, we insert its LRU node at the position previously held by the overlapping
group’s LRU node closest to the tail of the LRU chain. This reflects its reduced priority, as the new
group is larger and more costly to cache. The other overlapping groups are removed from both the
skip list and the LRU chain.

Case 2. The new KV Group does not fully cover all target keys in the newly created sorted run.
In this case, caching it is not beneficial because an I/O is still required to fetch the missing KVs.
Thus, we discard both the group and its associated LRU node(s). We should notice that KV Groups
related to point queries will never be invalidated *. While it might be beneficial to proactively fetch
and cache the missing KVs to complete the group, enabling future I/O savings, our experiments
show that the current simple approach is already effective in practice.

Example. Figure 5 illustrates both cases. KV Groups are shown in blue. The KV Group {44} is
created by a point query, whereas the others are created by the range query scan(5, 40).In
the upper half of the figure, two sorted runs are merged, and two KV Groups {10, 31} and {22}
correspond to the same query. They are merged into a new group covering keys {10, 22, 31}, which
fully covers the range [5, 40] in the new sorted run after compaction; therefore, the group remains
cached. We insert its LRU node at the position formerly occupied by the KV Group {22} (which
was closer to the tail), and then remove the obsolete red LRU node. In the lower half, the cached
group {10, 31} does not need to be merged. However, it no longer fully covers [5, 40] in the new

4A special case is that the cached KV for a point query is an old version, while the compaction involves a new version. In
this case, we will directly update the cached KV to maintain its validity.
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sorted run, because keys 12, 21, and 27 were not cached before compaction. So, {10, 31} is no longer
cached, and we remove it and its LRU node. The point KV Group {44} is preserved.

Cache Invalidation. Range Cache fully stores the results and is immune to compaction. Block
Cache, in contrast, invalidates all cached blocks upon each compaction. Group Cache avoids cache
invalidation for point queries. For range scans, cache invalidation may occur in Case 2. In our
benchmarks, we find that cache invalidation usually becomes frequent when the LSM-Tree uses the
aggressive Leveling compaction policy. However, we still find that our Group Cache outperforms
Range Cache in all cases. An intuitive method to warm up the cache after compaction is to fetch
the new KV Group if it is not too large. For example, if the uncovered portion of the new KV Group
is less than 50%, we could fetch the uncovered part instead of evicting the covered part.

5 Theoretical Properties of Group Cache

We analyze Group Cache in two steps. As baselines, we use competitive analysis and the static
optimal policy—fixing the cache to the most frequently accessed objects (or highest % when
sizes differ)—which is asymptotically optimal relative to Belady even under dependent requests [29].
First, we show that using KV Groups as the caching unit outperforms blocks or full-result caching
by exploiting asymmetric I/O savings. Second, we prove that a simple size-aware policy (LRU-S)

achieves a constant-factor miss rate relative to the static optimal, even with correlated accesses.

5.1 Static Optimal Performance Analysis

In this section, we show that the KV Group granularity can enhance the static optimal performance
of the cache. We compare the static-optimal performance of three different cache units: block,
full query result, and KV Group. We assume that the query workload follows a Zipf distribution
with exponent & € (0, 1). The j-th hottest query has probability A; =c- j™%, j=1,2,... where
¢ = 1/352,j¢ is the normalization constant. The cache supports multiple object size classes,
indexed by k. Caching an object of class k consumes wy space and saves vy I/Os on each cache hit.
For example, caching a data block for a point query requires B space to save 1 I/O. Fully caching
the result of a range query requires K space to save L I/Os. The probability that a query accesses
an object in size class k is 7.

Under static optimality, the cache chooses to store the hottest objects in each size class. As
shown in [13], the additional saved I/Os for caching one more object in any class should be equal.
Assuming this additional saved I/Os is p > 0, we have:

Ajok ok )l/ “

0,
— emrEy = me= [
Wk Wk HWk

For each class k, the top my () hottest objects will be cached. Assuming the total cache size is C,
we have:

my (1) 1/
c _
C= Zk:ﬂk Z; Wi = ;ﬂkwkmk(,u) = (;) ;ﬂkw; 1/%]1(/0{.
=

We denote Sy and C as follow:

1/a
Sq = Z”k Wklil/a Ukl/a’c - (l%) Sg-
k
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Similarly, the total expected I/O savings (benefit) is the sum of access probabilities multiplied by
corresponding savings:
mi (p)

U= Zﬂkvk Z Aj.
k Jj=1

Jj=1 Jj=1
(1-a)/a 1-1/a
c cok c fc
U= Lok - s,
zk:ﬂkvkl—a(uw) 1—a(ﬂ) !
U=—S_saci-
1-a 9 '

This is a significant finding. As C, ¢, « are fixed by the cache size and workload, we only need
to calculate the S, for different cache granularities. We assume that each query is a point query
with probability p and a range scan with probability 1 — p. The range scan length is K, and each
scan probes L sorted runs. The size ratio of the LSM-tree is T. For ease of analysis, we assume that
there are only two kinds of KV Groups for range scans: the upper group with % space and L — 1
I/O savings, and the lower group with K(1 — %) space and one I/O saving. In practice, the upper
group may be further divided into L — 1 smaller groups. Both Group Cache and Range Cache use 1
unit of space to save 11/0O for point queries. For Block Cache, one block of size B saves 1 I/O for a
point query, and LB space is required to save L I/Os for a range query. Then:

1-1/a 1-1/a
[7) amveeff-g)

Srange = p + (1= p) (K)'"H/eLe,
Splock = p - BTV 4 (1= p) - (LB)! "V« . L,

With 4 sorted runs (Leveling policy) and T = 10, K = 20, B = 20, = 0.8, p = 0.2, Group Cache is
29% better than range cache and 75% better than block cache. With Lazy Leveling policy, assuming
there are 10 sorted runs, the advantage becomes 45% and 131%.

SGrouwp = p + (1= p)

5

5.2 Optimality of LRU-S

We have shown that caching KV Groups promotes the static optimal performance of LSM-Tree’s
cache. We are also interested in how close a size-aware cache policy could approach the static
optimal performance. In this section, we prove that in our setting, a simple LRU-S [46] algorithm is
asymptotically a c-competitive cache algorithm and its cache miss rate is within a constant factor
from that of the static optimal algorithm and Belady’s algorithm. LRU-S is the simplest size-aware
cache policy. When the system accesses an object with size s, the object will be admitted (uncached
objects) or promoted (cached objects) to the head of the LRU chain with probability % In [30], the
authors proved that the LRU-S algorithm’s cache miss rate is within a constant factor from that of
the static optimal performance. As illustrated above, LRU-S is asymptotically c-competitive with
Belady’s optimal algorithm.

The proof sketch of the above theorem in [30] is to track the total size of objects that were
promoted to the front of the cache more recently than the currently requested one. If this total
size exceeds the cache capacity, a cache miss occurs. This total size is modeled as S(¢) = 3 s;B;(t),
where B;(t) = 1 if object i was promoted at least once in the last ¢ time units. It is a Bernoulli
variable with parameter b; = 1 — e~ %Pi', where q; is the request rate of object i. In the proof, a
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crucial step is to establish a concentration property for S(¢) (Lemma A3 in [30]). This concentration
property shows that S(t) is tightly clustered around its expected value, which simplifies the analysis
and allows for a direct comparison between the miss rates of LRU-S and the static optimal policy.

However, the original derivation of this property relies on the assumption that all objects are
independently accessed. Unfortunately, in our Group Cache setting, KV Groups are not always
accessed independently. In particular, range scans typically access L different KV Groups simul-
taneously, introducing correlation among these accesses. We find that we could re-derive such a
concentration property. We observe that each KV Group is correlated with at most L — 1 other KV
Groups. Combining such observation with Theorem 2.3 in [28], we could prove the concentration
property for S(t) in our setting. The other parts of the proof in [30] remain valid in our setting. As
a result, we conclude that LRU-S maintains its optimality in our Group Cache setting.

6 Optimizations

6.1 Group Splitting

Under workload shifting, we hope to reuse previously cached results as much as possible. Because
shifts are typically gradual [39], it is common that within a cached KV Group, some KVs cool down
while others remain hot. In this scenario, evicting the entire KV Group becomes too coarse-grained.
We introduce a Group Splitting mechanism to dynamically partition large KV Groups into smaller,
more flexible sub-groups based on actual accesses. Group Splitting is triggered when a KV Group
reaches the tail of the LRU chain and is about to be evicted. At this point, we examine the access
counters for each KV within the group. KVs that have not been accessed since the last promotion
will have a zero counter. These zero-counter positions serve as natural boundaries to partition the
KV Group into several hot sub-groups, each containing consecutive KV pairs that have all been
accessed at least once since the last promotion. KVs with zero counters are directly evicted.

For each sub-group, we define its access frequency f as the minimum counter value among its
KVs. It represents the number of times the sub-group had the opportunity to be promoted in the
cache since its last full promotion. Based on this frequency, we attempt to re-insert the sub-group
into the cache for f times, where each attempt follows the underlying cache policy’s probabilistic
admission mechanism (such as the i probability of LRU-S).

Once a sub-group is admitted (meaning the probabilistic admission test passes), we reset the
counters of its KVs to zero. If the sub-group fails to be admitted (the probabilistic admission
tests fail for all f attempts), we recursively apply the splitting process until all KVs are either
successfully admitted or completely evicted, as shown in Algorithm 1. Specifically, we subtract f
from the counters of all KVs in the sub-group, as we have already used their provided f chances.
This normalization step prevents the recorded hotness of the current sub-group from affecting
our evaluation of the hotness of the smaller sub-groups. After normalization, new zero-counter
positions will emerge and trigger further partitioning. In the worst-case, each recursive step only
reduces the group size by one, and the algorithm performs O(s) work at each step. So the time
complexity is O(s?). Since the maximum size of a KV Group is B, the worst-case time complexity
of the Group Splitting mechanism is O(B?).

We show the process to split a KV Group consisting of keys k; to kjp with access counters
[5,5,5,8,9,0,9,9,6,6]. We observe that k¢ has a counter value of 0 after normalization, which
serves as a natural split point. The group is partitioned into two consecutive sub-groups: [k, ks]
and [k7, k10], each containing only KVs with positive counters. For the first sub-group [k, ks], we
define its frequency f = min([5,5,5,8,9]) = 5 and try to admit this sub-group for 5 times. If it
fails all 5 admission attempts, we subtract 5 from its counters, resulting in [0, 0, 0, 3, 4]. This reveals
new zero-counter positions at k; to ks, splitting the group again into two sub-groups: [k, k5] and
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Query (8,12,ID = 3)
LRU chain (1

[10,14] [6,15] [17,24]
ts: 7,1D: 2 ts:6,1D: 1 ts:4,1D: 1
¥

Algorithm 1: Group Splitting Algorithm

1 Procedure GroupSplit(G, policy)

2 subgroups = PartitionByZeroCounters(G) R0 chain 2 node pointer
3 foreach sg in subgroups do 4] 5.20] 5]
4 f = min(kv.counter for kv in sg) ts: 8, ID: 3 "’|t5; 3,10:3 | |ts: 5, ID: 1| kel
5 success = TryReinsert(sg, f, policy) I -
6 if not success then Updated LRU chain (2) «LRY.chain ID: 2
7 foreach kv in sg do [5,20] [0,4] |"’| [0,5] |
8 L kv.counter = kv.counter - f ts:9,1D:3| [ts:8,1D:3] [ts:5,1D: 1
9 GroupSplit(sg, policy)
// Recursive Fig. 6. The promotion of a partitioned LRU chain.

[k1, k3]. The latter is evicted. The former has f = min([3,4]) = 3 and is retried for admission 3
times. If it still fails, we subtract 3 again to get [0, 1], and eventually retain only k5. We try to admit
ks again, and if it fails, ks will be evicted.

6.2 Concurrency Control via Partial Sharding

Managing concurrent access is a primary challenge for LRU caches [54, 55]. A conventional solution,
adopted by RocksDB [6], partitions the cache into multiple independent shards. In this design, a
data block is assigned to a specific shard via a hash of its ID, and each shard maintains its own
independent storage structure (hash table) and LRU chain. While this method reduces contention,
it introduces two limitations. First, the full hash partitioning is incompatible with Group Cache,
which requires KV Groups to be sorted. Second, this mechanism results in shard-local eviction: the
chosen eviction victim may not be the true globally least-recently used (LRU) item.

To address these limitations, we propose a Partial Sharding mechanism. Our key observation is
that lock contention arises primarily from modifications to the LRU chain (which occur on every hit
or admission), not from the storage structure (which is typically read-only during probes). Therefore,
our solution partitions only the LRU chain into multiple concurrent lists while maintaining a single,
global storage structure. This design preserves the global sorted order, while assigning LRU nodes
to shards by hashing their KV Group’s lower bound. Furthermore, to ensure a true global LRU
eviction policy, we assign a timestamp to each node upon its last promotion. During eviction,
we examine the tail node of every LRU shard and evict the node with the oldest timestamp. This
technique achieves the same eviction accuracy as a single global LRU chain while retaining the
concurrency benefits of sharding.

As shown in Figure 6, for a range query scan(8,12) in sorted run 3 (Step (1)), Group Cache
locates the target node covering the range [5, 20] in the skip list. Then, using the LRU node pointer
stored in the skip list node, the corresponding LRU node can be retrieved. Next, the hash of the
node’s lower bound (5) is used to find the head of the corresponding LRU chain (Steps @)-3)). After
acquiring the chain’s lock, the node is promoted to the head and its timestamp is updated (Step (@).
This design enables efficient updates by locking only one LRU shard per promotion.

7 Evaluation

In this section, we present a comprehensive evaluation of Group Cache. Since Group Cache is
designed to optimize read performance, we first run read-only microbenchmarks to examine its
behavior across workloads and configurations (Section 7.1). We then evaluate mixed read—-write
workloads to study potential trade-offs and the effects of different compaction policies (Section 7.2).
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We further assess robustness and scalability (Section 7.3). Finally, we evaluate Group Cache on six
real workloads to demonstrate its value in production environments (Section 7.4).

Baselines: We compare our Group Cache with two baselines: Block Cache (RocksDB’s default
cache) and Range Cache [50]. We implement both Group Cache and Range Cache in Dostoevsky [19],
an optimized version of RocksDB with a better read-write trade-off [19, 34, 49]. The experiments
for Block Cache with asynchronous I/O are conducted on traditional RocksDB.

Setup: Our machine equipped with an AMD EPYC 7742 64-core processor, 512MB of L3 cache, and
a 3TB D7-P5620 NVMe SSD. The memory write buffer is set to 64 MB. A SNARF [47] range filter is
built for every file with a default memory allocation of 14 bpk. Our LSM-Tree contains 4 levels with
200M KVs, using 8B integer keys and 256B values. We enable direct I/O for both reads and writes.
The size ratio is set to 10. By default, the cache size is configured as 5% of the total LSM-Tree size
(approximately 2.5 GB). The cache is only used to store KVs®. Our default compaction policy is
Lazy Leveling, and the default cache policy is LRU-S. In all multi-thread experiments, we set the
number of shards to 32 as RocksDB default.

Metrics: Except for Table 1, all throughputs are measured for overall workloads, and latencies
consider both point and range queries, as the cache designs have negligible impact on writes.

7.1 Experiments on Read-Only Workloads

By default, we run experiments under a Zipfian workload with a skew factor of 0.8. Range scans
account for 20% of the queries, and the remaining 80% are point queries. Each range scan retrieves
between 10 and 100 key-value pairs, following the characters of real workloads [9, 11, 15]. Given a
size ratio of 10, approximately 90% of the target KVs are located in the last level. Each experiment
is preceded by 10M warm-up queries drawn from the same distribution. Our default dataset is the
books dataset in SOSD[37]. In Figure 7 and Figure 8, we show the latency and cache hit rate of the
three caches. We also use different cache policies (AdaptSize [10] and Cliffhanger [13]) for Group
Cache and find that they cannot improve the performance over LRU-S (Figure 7).

Impact of Range Scan Percentages. We vary the range scan percentage from 0 to 0.8, with
the remaining workload consisting of positive point queries. When the workload contains only
point queries, Range Cache and Group Cache have similar performance as they both act as a
normal KV Cache. As the scan percentage increases, the latency of all policies increases. Among all
methods, the three Group Cache variants consistently outperform both Block Cache and Range
Cache. Besides, these three size-aware cache policies show similar performance, while the simplest
LRU-S is slightly better. This supports our argument that improving the static optimal performance
is more important than designing sophisticated cache policies. Thus, we report only LRU-S in the
remaining experiments. When the range scan percentage is relatively low, Group Cache offers a 2x
to 3x advantage. This advantage becomes less significant at higher scan percentages. The reason is
that as the scan percentage increases, the number of I/Os exceeds what can be effectively cached,
even by Group Cache. For example, at a scan percentage of 0.8, although Group Cache has a 1.5%
higher cache hit rate compared to Block Cache, the latency improvement is small.

Impact of Zipf Factors. In Figure 7 and Figure 8, we also vary the Zipf factor between 0 and 1.2.
When the Zipf factor is 0, the workload is uniform and the Block Cache has the best performance
due to its least metadata overhead. Group Cache consistently outperforms Block Cache and Range
Cache when the Zipf factor is larger than 0. The advantage is maximized when the Zipf factor is
0.8. As the workload becomes more skewed, the performance of different cache policies tends to
converge because all caches have a high cache hit rate and can fit most of the hot KVs. In contrast,

Scache_index_and_filter_blocks is set to false as RocksDB default.
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Fig. 9. Performance on tall LSM-Tree — The size ratio is set to 3.

when the distribution is flatter, only Group Cache maintains strong performance by leveraging the
underlying access asymmetry.

Impact of Cache Sizes. We evaluate the impact of cache size. The cache size for all cache policies
is varied from 6% to 18% of the total LSM-Tree size. In previous experiments, we observed that with
20% range scans, the cache hit rates of Group Caches were already very high at 5% cache size. To
better show the effect of cache size, we configure the workload to contain 80% range scans and
20% positive point queries. These scans generate a large number of I/Os and are highly sensitive
to cache size. As shown in Figure 7 and Figure 8, we find that the advantage of Group Caches
increases as cache size increases. This indicates that Group Caches can better utilize the available
cache space by prioritizing high-utility, small KV Groups. A common concern with Group Cache
is its higher metadata overhead compared to block-based caching. For instance, each KV Group
requires a dedicated LRU node. However, our results show that to achieve comparable performance,
Range Cache requires more than 2x the space, and Block Cache requires over 4X. Although Group
Cache introduces additional metadata, its impact on space efficiency is relatively small.
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Fig. 10. The impact of range scan length.

Impact of Tall LSM-Tree. The performance of the Group Cache depends on the skewness of the
KV Group size distribution. When the LSM-Tree is tall with a small size ratio, the distribution will
be less skewed. So in Figure 9, we test the performance of Group Cache for an LSM-Tree with size
ratio 3, which theoretically provides a better read performance compared with using a size ratio
of 10 [59]. As a result, the advantage of Group Cache over Range Cache becomes less significant.
Moreover, the asymmetry is also less significant. However, with a higher range scan ratio, the
advantage of Group Cache becomes more significant. The reduced asymmetry could still save a lot
of I/Os with increasing query overhead.
Impact of Scan Length. In real workloads [9, 11], range scans may involve more than 100 keys.
In Figure 10, we evaluate the impact of scan length. The workload comprises 80% point queries and
20% range scans. The x-axis reports the maximum scan length, and for each range query, the scan
length is drawn uniformly from 10 to this upper bound. We use the OSM dataset from SOSD, which
degrades the accuracy of range filters [12, 23, 47, 52] and thus approximates a worst-case scenario
for caching. RocksDB has recently optimized range-scan performance with asynchronous I/0 [1]
to utilize SSD bandwidth better. Our current Group Cache and Range Cache do not yet support
asynchronous I/O. In this experiment, we therefore also compare Block Cache with asynchronous
I/O against Group Cache. The experiments of Block Cache are conducted on the latest RocksDB.
As shown in Figure 10, Group Cache consistently achieves lower P50 latency than all baselines.
P50 primarily reflects point queries and short scans, for which Group Cache offers better cache
efficiency and prevents their KV Groups from being evicted by long scans. The tail latencies of
all methods converge as scan length increases, because long scans touch many data blocks filled
entirely with target keys and create many large KV Groups (most contain B KVs). Consequently,
each cache handles these long scans similarly. With asynchronous I/O, Block Cache performs worse
on short scans due to over-prefetching [1]; however, once the scan length exceeds 1000, Block
Cache with asynchronous I/O achieves the best performance. Accordingly, in Section 7.4, we enable
asynchronous I/O for Block Cache when the scan length exceeds 1000.

7.2 Experiments on Read-Write Workloads

In this section, we show Group Cache’s performance on mixed read-write workloads with different
compaction policies. We vary the write ratio from 0.2 to 1.0. 50% of the write operations are insert,
and the others are update operations. 20% of the query operations are range scans, and the others
are point queries. The update and query operations follow a Zipf distribution with a 0.8 Zipf Factor.
Other settings remain the same as in our previous experiments. We find that under each write ratio
and compaction policy, our Group Cache always outperforms other baselines.

Impact of Write Operations. On the write-only workload, all three caches show similar perfor-
mance on three different compaction policies, as the cache designs do not incur significant write
overhead. Such an argument is also supported by Table 1. We measure the p99, p100, and average
compaction times of three caches on LSM-Trees with different size ratios. As shown in Table 1, the
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Table 1. Compaction CPU time (s). -We measure the CPU time spent on compaction
(rocksdb. compaction.times.cpu_micros) under a 50/50 read—write workload across different size
ratios. Under each size ratio, all caches incur similar compaction overhead.

Block Cache Range Cache Group Cache
P99  P100 Avg| P99 P100 Avg | P99 P100 Avg
15.83 14298 1.16 | 16.11 14341 1.14 | 16.06 142.23 1.15
39.61 175.73 2.16 | 39.18 174.65 2.12 | 39.52 178.92 2.11
43.64 141.44 2.79 | 42.65 142.12 2.84 | 42.84 144.84 2.80
12 | 75.62 94.14 3.68 | 77.85 96.09 3.72 | 77.45 97.08 3.72
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Fig. 11. Performance on mixed read-write workloads with different compaction policies.

compaction times across caches are similar. This is because maintaining a small cache incurs little
overhead and does not incur additional I/O. As the write ratio increases from 0.2 to 0.8, all caches
have increasing throughputs, because the write speed is much faster than the query speed. Our
Group Cache consistently shows the best performance due to its better query performance. We
find that Range Cache is gradually approaching Group Cache’s performance with a higher write
ratio. The reasoning is: (1) If a key range is cached in the Range Cache, newly inserted (updated)
KVs in this range will be directly inserted into the Range Cache [50] when it is inserted into the
mem-table. On the other hand, Group Cache will not bring it into the cache before it has been
queried. (2) With more writes and updates, there will be more compactions and cache invalidation,
which degrades the performance of Group Cache. As the Block Cache has a more serious cache
invalidation problem, the performance gap between Block Cache and Range Cache becomes larger
under a higher write ratio.

Impact of Compaction Policies. We evaluate Group Cache under three representative com-
paction policies: Leveling, Lazy Leveling, and Universal. We find that our Group Cache provides the
best performance on all compaction policies, and the Lazy Leveling policy could provide a better
overall performance on the mixed workload, which is consistent with previous works [19, 34, 49].
An aggressive compaction policy, like the Leveling policy, not only reduces the write speed, but also
increases the cache invalidation frequency. The advantage of Group Cache under the Universal
policy is less significant as it has more equal-sized large sorted runs, which reduces the skewness
of KV Group size distribution.

7.3 Experiments on Robustness and Scalability

Impact of Data Block Size. The data block size impacts the read performance in several ways. It
impacts the latency of each I/O, the granularity of the Block Cache, and also the KV Group size
upper bound. In Figure 12(a), we vary the block size from 4KB to 256KB. The query latencies of all

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 47. Publication date: February 2026.



47:18 Hengrui Wang, Jiaoyi Zhang, Jiansheng Qiu, Fangzhou Yuan, & Huanchen Zhang

—8— Block Cache Group Cache =4 Group Cache (16 shards) =¥ Group Cache (1 shards)
—#— Range Cache == Group Cache (32 shards) —#— Group Cache (4 shards) == Group Cache (w/o Group Splitting)

ﬁ 1500 § E E 150 ‘2’

£1000 £100 -—-l/./. 5 2100 g

- - £100 < < 100

@ 500 g 50 o 2 50 &

e o o I o

g o0 g o [=) (=) ¥ o

3 4 8 16 32 64 128256 <& 16 32 64 128 1 2 4 8 16 1 2 4 8 16 <& 1 2 3 4 5
Block Size (KB) Value Size (Bytes) # Threads # Threads Shifting Level

(a) (b) (c) (d) (e)

Fig. 12. Experiments on Robustness and Scalability. - (a)/(b) show the impact of data block size/value size.
(c)/(d) show the scalability on YCSB-A/YCSB-E. (e) shows the impact of workload shifting. Assuming all keys
are sorted in array KEY, Shifting level i indicates that in the new workload, the hotness of KEY[] is equal to
the hotness of KEY[j — 10 X (i — 1)] in previous workload.

caches increase as each I/O becomes more expensive. The advantage of Group Cache and Range
Cache over Block Cache becomes more significant with larger data blocks (more unnecessary data).
Impact of Value Size. In Figure 12(b), we vary the size of the value. We insert more KVs compared
with previous experiments so that the total data size remains 50GB and the shape of the LSM-Tree
remains the same. With a smaller value, the Range Cache and Group Cache could cache more KVs,
and the Block Cache could store the same number of data blocks. Although the metadata overhead
for Range Cache and Group Cache becomes heavier with a smaller value, the unnecessary KVs in a
data block also increase. So we find that Range Cache and Group Cache could outperform Block
Cache with all value sizes. Besides, the advantage of Group Cache over Range Cache also becomes
more significant under smaller value sizes, as the Group Cache uses KV Groups to amortize the
increasing metadata overhead.

Multi-Threaded Performance. We evaluate the throughput of the caching algorithms under
dynamic read-write workloads using the YCSB benchmark, as shown in Figure 12(c) and (d). We
use the standard YCSB workloads A and E. Since Group Cache primarily targets range scans, we
modify Workload A to include 50% updates, 40% point queries, and 10% range scans. Workload
E consists of 95% range scans and 5% insertions. We run experiments with the number of client
threads varying from 1 to 16. Compactions are triggered when L0 accumulates 10 sorted runs, and
writes are stalled if LO exceeds 20 runs. We also optimize Range Cache by integrating our partial
sharding mechanism to reduce contention on the LRU chain. We show the impact of our partial
sharding mechanism by varying the number of shards of the Group Cache from 1 to 32.

In Workload A, the performance gap between Group Cache and the baselines narrows, as frequent
updates reduce the caching effectiveness of Group Cache as discussed above. Nevertheless, Group
Cache still maintains a consistent throughput advantage. In contrast, Workload E demonstrates the
full strength of Group Cache and improves throughput by more than 3x compared to the baselines.
In both workloads, Group Cache’s scalability comes from the partial sharding methods. With only 1
shard, the performance of Group Cache declined to only 20%. Besides, we have not found significant
victim selection overhead when there are multiple shards, as the number of shards is small.
Performance under Workload Shifting. For a cache system, a crucial property is whether it
can quickly adapt to workload shifting. We create a shifting workload by shifting the initial hot
key set several positions. In Figure 12(e), we firstly warm the cache with 10M queries. Then, we
conduct queries with workload shifting. The test workload only contains 1M queries to avoid the
cache being totally warmed again. We also test the impact of group splitting, which is designed to
reuse the cached data as much as possible. As the shifting level increases, all caches have increasing
query latency. The impact of group splitting is maximized when the shifting level is moderate.
When the shifting level is high, the group splitting can no longer be beneficial, as most of the KVs
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Fig. 13. Results on three real workloads. —~Uni = Universal compaction, LL = Lazy Leveling, L = Leveling.

in cached KV Groups become cold. The Group Cache is always better than Range Cache and Block
Cache by quickly recognizing those high-utility KV Groups.

7.4 Experiments on Real Workloads

We evaluate our caching schemes on six real workloads: Assoc_2ry [11], four default workloads in
MixGraph [11], and LinkBench [9]. We evaluate the caches across multiple workloads under three
compaction policies—Universal (Uni), Lazy Leveling (LL), and Leveling (L). Following our earlier
findings, we enable asynchronous I/O in the Block Cache for scans longer than 1,000 keys. Because
keys in these workloads are not integers, we build a SuRF filter [60] for each sorted run to avoid
unnecessary I/Os during scans. The data block size is set to 8 KB. All operations are conducted with
8 threads. The other parameters use the default configuration. We first load 100 M KVs, followed by
10 M warm-up operations, and then measure performance over 40 M operations.

We summarize our key findings as follows: (1) Except for a completely random workload, Group
Cache consistently outperforms all baselines, as it accelerates short scans and prevents hot point
queries or short scans from being affected by long scans, making Group Cache valuable for both
scan-heavy and get-heavy workloads. (2) In some workloads (Assoc_2ry and Prefix_dist), the
throughput is dominated by long scans, even though they are rare in number. As discussed earlier,
all caches handle these long scans similarly, resulting in similar throughput. In fact, long scan’s
throughput can only be improved by using more memory or higher SSD bandwidth. However,
Group Cache shows significant advantages in latency metrics. (3) When the workload is both
scan-heavy and write-heavy (Assoc_2ry and LinkBench), the Lazy Leveling policy achieves the best
performance due to its superior read—write trade-off and reduced bandwidth contention between
queries and compactions. Under the Lazy Leveling policy, the advantage of Group Cache is usually
maximized due to the highest Range-access Asymmetry.
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Assoc_2ry. In Facebook’s UDB schema, Assoc_2ry is the secondary index for associations. We
tune the parameters of the MixGraph benchmark to match the characteristics reported in [11]. The
workload consists of 56% puts and 44% scans. About 60% of scans return one key, and 90% return
fewer than 100 keys. A scan involves up to 100,000 keys. The key and value sizes are 64 B and 16 B.

As shown in Figure 13(a), Group Cache delivers higher throughput (about 15%) under the Uni-
versal and Lazy Leveling compaction policies. Lazy Leveling achieves the best overall performance
because it offers a more favorable read—write trade-off. Under the Leveling policy, p99 and p99.9
latencies exceed those of Lazy Leveling and Universal because Assoc_2ry’s tail is dominated by very
long scans whose required I/Os are almost unaffected by data layout, while Leveling’s aggressive
compactions compete with queries for I/O bandwidth. Group Cache achieves substantially lower
p50 and p90 latencies, which are dominated by short scans. This advantage is most pronounced
with Lazy Leveling, which yields the most skewed KV-group size distribution, as discussed above.
In contrast, tail latencies (p99 and p99.9) are unaffected by the cache design, as the scan length can
reach up to 100,000 keys. We also find that when queries run with 8 threads concurrently with
writes and background compactions, asynchronous I/O no longer allows Block Cache to outperform
Group Cache, as the storage bandwidth is nearly saturated and async I/O merely parallelizes I/Os
rather than reducing the total number of I/Os.

Prefix_dist. The Prefix_dist workload is one of the four default workloads provided by the Mix-
Graph benchmark [11] and best approximates real workloads. The MixGraph benchmark uses two
sets of parameters—key_dist and keyrange_dist—to generate distributions for keys and prefixes.
Prefix_dist combines hot prefixes with hot keys within those prefixes. We generate it using the
provided MixGraph benchmark with the original parameters, yielding 14% puts, 83% gets, and 3%
scans. Following the original settings, we set the key and value sizes to 48 B and 43 B, respectively.

As shown in Figure 13(b), Group Cache achieves higher throughput (about 10%) even when the
workload is get-heavy. Because the write ratio is small, the Leveling compaction policy delivers the
best throughput and the lowest p50, p90, and p99 latencies. The p50 latency is dominated by hot
point queries, so Range Cache and Group Cache perform similarly; both outperform Block Cache
due to finer-grained cache units. At p90 latency, which is dominated by warm point queries and
short hot scans, Group Cache clearly outperforms Range Cache. Although the workload contains
only 3% scans, Group Cache prevents warm keys and small hot KV Groups from being evicted by
large KV Groups. The p99 latency corresponds to short range scans, where Group Cache shows
the greatest advantage. The p99.9 latency also improves with Group Cache. Since the workload
contains only 3% scans, the p99.9 latency corresponds to medium-length queries, which can also
benefit from Group Cache. The experiment on Prefix_dist highlights the value of Group Cache in
get-heavy workloads.

To further investigate the impact of query distributions in get-heavy workloads, we also evaluate
Group Cache on the other three MixGraph workloads: All_random, All_dist, and Prefix_random.
In All_random, both key_dist and keyrange_dist parameters are set to zero, so all queries have
uniform hotness. In All_dist, keyrange_dist parameters are set to zero, resulting in hot queries that
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are uniformly scattered across the entire key space. In Prefix_random, key_dist parameters are set

to zero, resulting in hot ranges where all queries within each hot range have the same hotness. We
show the p90 and p99 latencies of these three workloads in Figure 14a and Figure 14b. We find
that in All_random, all caches perform similarly, and Block Cache is slightly better due to lower
metadata overhead. On the skewed workloads (All_dist and Prefix_random), each cache exhibits
trends similar to Prefix_dist. The latencies of Block Cache increase due to the lack of spatial locality
compared with Prefix_dist, whereas Range Cache and Group Cache are more robust since their
performance does not rely on spatial locality.

LinkBench. LinkBench models Facebook’s social-graph storage. The workload consists of 31% puts
(including assoc_insert, assoc_update, assoc_delete,obj_insert,obj_update,and obj_delete),
18.3% gets (including obj_get, assoc_count, and assoc_multiget), and 50.7% scans (i.e., getLinkList).
For scan operations, about 70% of queries return at most one key, 90% return fewer than 10 keys,
and 95% return fewer than 100 keys. The maximum scan limit is 10,000 keys. The key and value
sizes are 25 B and 128 B, respectively.

As shown in Figure 13(c), Group Cache exhibits a larger throughput advantage than in the
previous workloads, driven by the higher fraction of short scans in LinkBench. Range Cache and
Group Cache provide similar p50 latency because most range scans return at most one key, and
this fraction is higher than in Assoc_2ry. The advantage of Group Cache becomes significant at p90
and p99 for scans that involve fewer than 100 keys. The p99 latencies for Block Cache and Group
Cache increase under the Leveling policy. As the LinkBench workload contains more writes, the
cache invalidation problem of both Block Cache and Group Cache becomes more pronounced.

8 Conclusion

This paper tackles inefficient range scans in LSM-Trees by exploiting a range access asymmetry in
their structure. We introduce Group Cache, a novel system that uses variable-sized KV Groups as
its caching unit. By employing a size-aware policy to prioritize small, high-utility groups, Group
Cache maximizes I/O savings for a given memory budget. Our evaluation shows it delivers up to 3
x faster query performance compared to traditional block and range caches. This allows for more
write-efficient LSM-Tree configurations without compromising read speed.
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A Detailed Proofs for Section 5.2

In Section 5.2 we outlined a high-level proof sketch showing that, in the LSM-Tree setting with
Group Cache, the simple size-aware policy LRU-S is asymptotically c-competitive and achieves
a miss rate within a constant factor of both the static optimal policy and Belady’s algorithm. In
this appendix we provide the complete details. We begin by recalling the standard setup used in
[30, 46], adapt it to the Group Cache model in which range scans introduce limited dependencies
among KV Groups, and then establish the required concentration bound for

S(t) = ) siBi(),
i€cA
the total size of objects (KV Groups) promoted in the last ¢ time units. Throughout, B;(t) € {0, 1}
indicates whether object i was promoted at least once in the last ¢, with parameter b;(t) = P[B;(t) =
1]; under a Poisson request process with rate ¢; and LRU-S promotion probability p; (for an object
of size s;, typically p; = 1/s;), one has b;(t) = 1 — e~ P!, Let sp0x = max; s;.

A.1 Dependency graph and a concentration tool

In Group Cache, a range scan touches at most L distinct KV Groups across the involved runs, so
each B;(t) can be dependent on at most L — 1 other indicators. Representing the family {B;(t)};ca
by a dependency graph, the maximum degree is A < L — 1. We will use the following concentration
inequality (Theorem 2.3 in [28]), stated here for completeness.

THEOREM A.1 (JANSON (2004)). Let {Yy}qeca be random variables with finite second moments,
indexed by a finite or countable set A. Suppose the dependency graph on A has maximum degree A,
and there exists b > 0 such that Y, — EY, < b for all « € A. Define

Z= Z Yo p=EZ, V= Z Var(Yy), o¢(x)=(1+x)In(1+x)—x.

acA acA

Then for every t > 0,

74 4bt
P(Z > p+t) < - =]
(Z =2 p+ )—eXp( bZ(A+1)“”(5v))
2
i P >
Moreover, since p(x) > 21+ x/3) forx >0,
12
P(Z > ) < - s
(Z=zp+ )—eXp( 2(A+1)(V+bt/3))

the same bound holds for the lower tail by applying the inequality to —Z.

A.2 Concentration of the promoted size S(t)

We now specialize Theorem A.1 to S(t) and obtain the concentration property required by the
LRU-S analysis.

LEMMA A.2 (VARIANCE-MEAN RELATION). With S(t) = 3;c4 SiBi(t), we have

Ve ZVar(s,-Bi(t)) = Zs,?b,.(t)u —bi(1)) < Smax BS(2).

icA icA
Proor. Since 0 < b;(t) < 1, we have b;(¢t)(1 — b;(t)) < b;(t). Thus
V< ) sEhilt) < smax ) sibi(t) = Smax BS(2). o

i€A icA
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THEOREM A.3 (CONCENTRATION OF S5(t)). Let S(t) = ;e 4 siBi(t) be the total size of promoted
KV Groups, and suppose the dependency graph of {B;(t)} has maximum degree at most L — 1. Then
for any e > 0, there exists a constant

82

0= o (11 e/3)
such that
P(|S(t) —ES(2)| > ¢ ES(t)) < 2exp(—0 ES(1)).

ProoF. We prove the upper tail; the lower tail follows by applying the same argument to —S(t)
and then using a union bound. Map Theorem A.1 with Z = S(t) and Y; = s;B;(t). By construction,
the dependency graph degree satisfies A < L — 1. Moreover,

Yi - ]EYI = si(Bi(t) - bl(t)) < Si < Smax

so we can set b = spx. Using the quadratic form in Theorem A.1 with deviation t = ¢ ES(¢) and
writing p = ES(t) yields

€242
P(S(t) = (1+¢)p) < eXp(_z(A +1)(V+s 6#/3)) .

By Lemma A2and A+1 < L,
2(A+ 1)(V + smax€i/3) < 2L smax pt (1 + €/3).

Substituting gives
2

€
P(S(t) > (1 < - ].
(S(t) > (1+e)p) < eXp( Lo (15 e/3) ﬂ)
The claimed upper-tail bound follows with § = m The lower tail is identical, and

combining both tails with a factor of 2 completes the proof. O

A.3 From concentration to competitiveness

Following [30], the miss event at time ¢ occurs iff the total size of more-recently promoted objects
exceeds the cache capacity C. The concentration in Theorem A.3 implies that S(¢) is tightly
concentrated around ES(t), uniformly over time scales relevant to the renewal structure of LRU-S.
Consequently, the miss probability under LRU-S can be related to the threshold event ES(¢) > C,
up to exponentially small errors in ES(¢). The remainder of the argument (unchanged from [30])
compares this threshold to that of the static optimal policy—selecting the fixed set of objects with
the largest frequency-per-size—and concludes a constant-factor gap. Since the static optimal policy
is itself asymptotically optimal relative to Belady’s algorithm (even with dependent queries) [29],
we obtain the following.

CoROLLARY A.3.1. In the LSM-Tree Group Cache setting where each range scan touches at most
L KV Groups and max; s; = Smax < 0, LRU-S is an asymptotically c-competitive cache replacement
algorithm, and its miss rate is within a constant factor of both the static optimal policy and Belady’s
algorithm.
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