White-Box Caching for Cloud Data Systems

By
Xiangpeng Hao

A dissertation submitted in partial fulfillment of
the requirements for the degree of
Doctor of Philosophy
(Computer Sciences)
at the
UNIVERSITY OF WISCONSIN-MADISON
2026

Date of final oral examination: 06/19/2026

The dissertation is approved by the following members of the Final Oral Committee:

Remzi H. Arpaci-Dusseau, Professor, Computer Sciences
Andrea C. Arpaci-Dusseau, Professor, Computer Sciences
Ming Liu, Assistant Professor, Computer Sciences

Yiqiao Zhong, Assistant Professor, Statistics



© Copyright by Xiangpeng Hao 2026
All Rights Reserved



To system builders.



“Let us first of all and before all be kind, then honest, and then—

let us never forget one another.”

— Fyodor Dostoevsky, The Brothers Karamazov
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Abstract

Modern data systems disaggregate compute, storage, and memory across independent tiers,
making data movement more expensive than computation. Yet caches still treat contents as
opaque bytes: they accept blobs, index them by key, and evict each blob as a unit, without
knowing its structure or which fields a query will access. This dissertation argues that this
opacity has become a bottleneck and that caches should instead inspect their data.

We call this approach White-Box caching and develop it along three axes — representa-
tion, content, and granularity — each recovering information a conventional cache discards.
Three systems instantiate one axis each.

LiquidCache attacks representation. It transparently transcodes Parquet into indepen-
dently decodable dictionary, FastLanes, FSST, ALP, and frame-of-reference encodings,
allowing predicates to use the most efficient layer. On ClickBench and TPC-H, it reduces
cache CPU by up to 10x over Parquet pushdown and network traffic by two orders of mag-
nitude over file-serving caches, while using memory comparable to compressed Parquet.

SqueezeCache attacks content. Profiling shows that up to 98% of cached bytes - even
under Belady-optimal replacement — are never read by the queries that warmed them.
Guided by lineage analysis, SqueezeCache replaces each entry with a compact, lossy subset
selected per column across a four-state fidelity spectrum. On ClickBench and JSONBench,
it improves hit ratios by up to 4x, lowers latency by up to 22x, and cuts I/O by up to 12x
over an uncompressed cache; corresponding gains over a compression-only baseline are
2x, 2%, and 8x.

Bf-Tree attacks granularity for transactional workloads. Variable-length mini-pages
decouple cache pages from disk pages, yielding one index that is 2x faster than RocksDB
on scans, 6x faster than a B-Tree on writes, and 2x faster than both on point lookups.

LiquidCache and SqueezeCache form a 50,000-line open-source Rust artifact, while
Bf-Tree is implemented separately. The work also contributes substantially to Apache

DataFusion, Arrow, and Parquet.



Chapter 1
Introduction

The way computer systems store and process data has changed more in the last fifteen years
than in the preceding fifty. In the 2000s, the dominant model was the integrated database:
a single machine bundled compute, memory, and storage, optimized them together, and
answered queries from data that lived a few millimeters from the CPU that read it. That
assumption — that the unit of provisioning is also the unit of execution — quietly shaped
every layer of the stack, from disk formats to buffer pools to query planners.

Cloud computing dismantled it. Storage became a service [5, 13], addressable from any
compute instance, priced per request [54], and replicated across data centers. Compute
became elastic, ephemeral, and increasingly serverless: a query may run in a function that
did not exist a second before it was issued and will not exist a second after it completes [24,
164]. Memory, for a decade considered the inelastic resource bolted to a CPU, is itself being
disaggregated; RDMA, CXL, and far-memory tiers are turning DRAM into something more
like a network service [49, 73, 104, 120, 140, 147]. The result is an architecture in which
every layer scales on its own clock — storage by capacity, compute by demand, memory by
working set.

This disaggregation has been an enormous win for cost, elasticity, and operational
simplicity, and it underlies every major cloud-native data platform today: Snowflake [170],
BigQuery [123], Redshift [5], Databricks [12], and the open lakehouse stack built on Parquet
[169], Iceberg, and engines like Apache DataFusion [93, 94]. But it has also stretched a
fundamental tension. The further compute moves from storage, the more every byte costs
to fetch - in latency, in bandwidth, and in literal dollars per request. The economics of
a modern analytical query are increasingly dominated not by the work of computing the

answer but by the work of bringing the data within reach.



1.1 Caching: The Hidden Foundation

Whenever the gap between where data lives and where it is used has grown, the answer
has been the same: caching. CPU caches absorbed the widening DRAM-to-core latency
gap. Operating-system page caches mediated between volatile memory and rotational disks
[14]. Database buffer pools turned random-access disk pages into byte-addressable working
sets. Content delivery networks pushed static assets to the network edge so that a click
in Sydney did not have to wait for Virginia. At every layer of the stack, and in every era
of computing, caching has been the unsung discipline that made the next leap in scale
economically viable.

The literature reflects this centrality. Decades of work have refined the question of what
to keep: LRU-K [131], ARC [122], 2Q [82], S3-FIFO [177], SIEVE [189], and a growing body
of machine-learning-based admission and eviction policies [18, 62, 174, 176]. A parallel line
of work has refined the question of where to keep it: tiered memory [73, 120], disaggregated
buffer pools, distributed caches like Alluxio [4], elastic caches built on ephemeral server-
less functions [171], and production-grade engines like CacheLib [23]. Cloud-native data
warehouses have made caching a first-class system component: Snowflake reports it [170],
Databricks markets it [41], and lakehouse architectures effectively assume one between
object storage and any engine that hopes to be interactive [13, 52].

What unites this body of work is a remarkably stable abstraction. A cache, almost
without exception, is an opaque key—-value store. Data goes in as a blob, comes out as a
blob, and the cache’s job is to decide which blobs to keep. The policy may be sophisticated,
the implementation may be distributed and fault-tolerant, but the cache itself does not
know what is inside the blob, how it is encoded, which fields a query needs, or which
byte ranges of which records are actually hot. The cache treats data as undifferentiated
bytes. For decades this opacity was a feature, not a bug: it made caches simple, general,
and composable. This dissertation argues that, for modern data systems, that opacity has

become the bottleneck.



1.2 The Challenges of Caching in Modern Data Sys-
tems

Three forces are exposing the limits of opaque caching, each corresponding to a way that
modern data has outgrown the cache’s view of it.

The first is format. Data on storage is encoded for storage: Parquet [169], ORC [10],
and emerging columnar formats [91, 124, 156] pack values with cascading dictionary, run-
length, and bit-packing schemes for compactness, not for arithmetic. When a cache stores
these bytes, every query that touches them must pay the decoding cost — and our measure-
ments show that decoding and decompression dominate CPU time in filter pushdown on
Parquet, leaving the filter evaluation they were meant to accelerate under 10% [117, 180].
An opaque cache cannot do anything about this, because it does not know it is holding
Parquet, let alone how to rearrange it.

The second is usage. A cached blob carries every byte of every field, but queries rarely
use every byte of every field. A 64-bit datetime is held in full when a query needs three
bits to extract day-of-week. A 200-byte URL is cached in its entirety when a LIKE predicate
needs only a substring fingerprint. A semi-structured JSON value [53] is materialized whole
when a query references one of its hundred fields. Our profiling shows that under Belady-
optimal [21] replacement, up to 98% of cached bytes are never read by the queries that
warmed them. The cache holds the data the storage layer happened to produce, not the
data the workload actually consumes.

The third is granularity. A cache unit is typically a disk page (4 KB to 64 KB), but the
records inside a page are hot at different rates, written at different rates, and worth different
amounts to keep. Page-level caching wastes memory on cold records that share a page
with hot ones, and pays a full page write for every byte updated. Modern NVMe SSDs,
whose bandwidth now approaches memory bandwidth [68], have removed the original
justification for tying cache granularity to disk granularity — yet the abstraction has not
caught up.

These three challenges — format opacity, usage opacity, and granularity opacity — are
not isolated curiosities. They appear, in different guises, in every modern data system that
takes caching seriously. Together they motivate a different way of thinking about what a

cache is for.



1.3 White-Box Caching

The conventional cache is a black box: it accepts opaque blobs, indexes them by key,
scores them by recency or frequency, and evicts them as a unit. The policies vary, the
implementations vary, but the contract is the same: the cache must not need to understand
its contents. This dissertation proposes an alternative.

White-Box caching is the design philosophy that a cache, in a modern data system,
should be allowed to see inside the data it holds, understand the operations being performed
against it, and choose its representation, content, and unit accordingly. A White-Box cache
is no longer a passive store; it is an active participant in query execution. Its freedoms run
along three axes (Figure 1.1), each corresponding directly to one of the opacities identified
above:

+ A White-Box cache may adapt its representation to the workload - choosing an encoding
driven by the operators that will run against it, rather than by the storage layer that
produced it.

« A White-Box cache may omit content within a cached unit, keeping only the fragments
that the workload demonstrably uses and demoting or evicting the rest.

« A White-Box cache may vary the granularity of cached units, holding individual records,

partial pages, or whole pages adaptively, depending on access patterns.
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Figure 1.1: Three axes of opacity that conventional caches accept and that the White-Box caches in
this thesis narrow. Each contribution attacks one axis: LiquidCache makes the in-cache encoding an
adaptive, workload-driven choice; SqueezeCache decides what content within each cached unit to keep;
and Bf-Tree decouples cache granularity from disk granularity. A conventional cache, by contrast,

passes data through unchanged and leaves the redundant work to the CPU downstream.

This stance has deep roots in storage systems. Two decades ago, semantically-smart disk
systems [154] showed that a block device — ostensibly the most opaque layer in the stack
— could reconstruct the file-system structures above it from the raw block stream and put
that knowledge to work: for availability, as in D-GRAID [153]; for liveness-aware reliability
[151]; and for storage tuned to the database running atop it [152], with later work formal-
izing the limits of what such inference can soundly recover [150]. White-Box caching makes
the same wager one layer up, but with the labor reversed: instead of reverse-engineering
semantics the upper layer never disclosed, a White-Box cache is handed the schema, the
query plan, and the access trace outright, and is free to act on them.

Each axis trades simplicity for leverage. The price is that the cache must now consume
more than just keys: it must understand schemas, encodings, query plans, and access traces.

The reward is that the cache can do work that would otherwise be repeated, redundantly,



by every consumer of its data — work that, in aggregate, dominates the cost of modern
analytical workloads.

White-Box caching is not a single technique but a stance, and adopting it forces a series
of concrete questions. What should a cache understand about the format of the data it
stores, and how does that understanding integrate with engines that were not written with
the cache in mind? How should it represent that data internally - losslessly, lossily, or
somewhere in between — and how does it decide when to move between representations?
How does it learn which fields and operations the workload actually exercises, without
coupling itself so tightly to a single query engine that it cannot be reused? How does it
balance memory pressure, CPU transcoding cost, and the risk of needing to re-fetch from
storage when a lossy approximation turns out to be insufficient? How does it talk to the
storage layer beneath it now that NVMe bandwidth, io_uring [17], and direct IO have
changed the cost of every disk access by orders of magnitude?

These questions span the stack — from data formats to query optimizers to operating-
system interfaces — and no single technique answers all of them. The three principal
contributions of this dissertation are three answers, each attacking a different axis of opac-
ity, that together demonstrate that White-Box caching is not just an idea but a practical,
deployable foundation for modern data systems.

The first contribution opens up the representation axis. It asks what a cache could do
if it picked its own encoding adaptively, in response to the workload running against it —
rather than passively storing the encoding the storage layer produced — and shows that the
answer is dramatic: an order of magnitude less CPU, two orders of magnitude less network
traffic, and a memory footprint comparable to compressed storage.

The second contribution opens up the content axis. It asks how much of a cached unit
a workload actually needs, and shows that the honest answer — usually a small fraction -
is something a cache can detect and exploit, given enough information about how queries
use their inputs.

The third contribution opens up the granularity axis. It asks why cache pages have to
look like disk pages at all, and shows that decoupling the two yields a storage engine that
is simultaneously the best at point lookups, range scans, and writes — a combination that
has long been considered a fundamental trilemma in the larger-than-memory literature.

Together, these three systems form a coordinated argument: that the next foundation

for caching in modern data systems is not a new policy, a new replacement algorithm, or a



new hardware tier, but a new abstraction — one in which the cache is given permission to
look inside the data it holds.

1.4 Contributions and Outline of Chapters

The remainder of this dissertation develops the White-Box caching philosophy through
a sequence of substantive chapters. The next chapter (Chapter 2) lays out the technical
landscape — query lifecycle, caching architectures, and the cost gradients that make caching
worth doing — against which the three contributions are positioned. A short chapter that
follows (Chapter 3) develops the shared design vocabulary - the reference architecture, the
information-flow channels, and the fidelity spectrum — on which the three system chapters
then instantiate one axis each. Each system chapter presents its work essentially as it
was published, with a unifying preface that places it within the framing established above
and a closing transition that motivates the next. The chapters around them - background,
the White-Box reference design, engineering, related work, and conclusion - consolidate
the technical foundations, the cross-cutting evidence, the implementation lessons, and the
broader implications.
The contributions of this dissertation are as follows:

+ A new framing for cache design — White-Box caching — articulating three axes (represen-
tation, content, granularity) along which conventional caches discard information that
modern data systems can no longer afford to lose.

« LiquidCache, the first disaggregated pushdown cache for cloud-native analytics, which
co-designs an in-cache data format with filter evaluation and demonstrates up to 10x
lower CPU usage than Parquet without increasing memory.

« SqueezeCache, a memory-efficient caching mechanism that generalizes eviction into a
multi-state squeeze spectrum, lineage-aware and workload-adaptive, achieving up to 4x
higher cache hit ratios and 22x lower query latency than an uncompressed cache (2x on
both over the compression-only state of the art).

+ Bf-Tree, a read-write-optimized larger-than-memory range index whose mini-page de-
sign and variable-length buffer pool decouple cache granularity from disk granularity,
outperforming both B-Trees and LSM-Trees on point lookup, scan, and write workloads.

+ A production-grade open-source implementation of LiquidCache and SqueezeCache in

over fifty thousand lines of Rust (Bf-Tree is a separate implementation), carrying sub-



stantial upstream contributions to Apache DataFusion, Arrow, and Parquet, and adoption
by multiple analytical systems.
The remainder of this chapter previews each substantive chapter in turn, before the next

chapter establishes the technical background that the three works share.

1.4.1 LiquidCache: Pushdown Caching for Cloud-Native Analyt-
ics

Cloud-native analytical systems separate compute from storage, with data living in object
stores in Parquet format. To mask the latency and cost of remote reads, the industry has
converged on disaggregated caching layers between compute and storage. But existing
caches either move whole files over the network, saturating bandwidth, or attempt filter
pushdown directly on Parquet and pay a CPU bill that exceeds the savings — because most
of the pushdown time is spent decoding Parquet, not evaluating filters. Many production
systems have responded by disabling pushdown altogether.

LiquidCache attacks the representation axis by treating the in-cache encoding as an
adaptive, workload-driven decision rather than something the storage layer dictates. It
transparently transcodes Parquet into “Liquid,” an in-cache format that combines dictio-
nary encoding, FastLanes bit-packing [1], FSST string compression [25], ALP floating-point
compression [2], and frame-of-reference integer encoding into a cascading layout where
every layer permits independent element access. Because the cache controls the encoding,
it can match each predicate to the most compact representation that suffices — encoded
equality, dictionary-only substring search, selective decoding, and late filter materialization
- so most data is never decoded at all. Liquid lives only inside the cache, so the rest of the
ecosystem continues to see Parquet, and the cache is free to evolve its encodings without
coordinating with anyone.

We integrate LiquidCache with Apache DataFusion and evaluate it on ClickBench [35]
and TPC-H. LiquidCache reduces cache CPU time by up to 10x over Parquet pushdown,
reduces network traffic by two orders of magnitude over file-serving caches, and matches
Arrow-in-memory caches at a quarter of the memory cost. Many of the underlying tech-
niques, including the StringView representation and the rebuilt Parquet decoding pipeline,

have been upstreamed and are now defaults in DataFusion, Arrow, and Parquet.



1.4.2 SqueezeCache: Curating Cache Content Through Lineage

LiquidCache solves the format problem, but our profiling exposes a second one. Across
realistic workloads, up to 98% of cached bytes — even under Belady-optimal replacement
[21] - are never read by the queries that brought them into memory. The cache holds whole
columns when queries use sub-fields, whole strings when predicates check prefixes, whole
datetimes when projections extract days of the week. This is the content axis, and it is
invisible to any cache that does not understand query intent.

The data type most responsible for this waste is also the most pervasive: strings.
Real-world analytical data is overwhelmingly stringy — URLs, search phrases, titles, JSON
payloads, identifiers — and strings exhibit properties that columnar caching machinery
handles awkwardly: variable-length and often long, mostly compared rather than read in
full, and dominated by a handful of predicate patterns (equality, prefix, length, substring).
The SqueezeCache chapter opens its background with a focused look at these byte-level
properties, drawn from ClickBench and JSONBench [37], because they explain why even
a representation-aware cache like LiquidCache still over-stores strings — the cache has so
far decided what to encode but not what to keep — and they motivate the squeeze targets of
the rest of the chapter.

SqueezeCache then breaks the binary keep-or-evict decision into a spectrum of states
— Uncompressed, Compressed, Squeezed, Evicted — and dynamically transitions cached
batches through them under memory pressure. Squeezing is lossy by design: a string
column can be reduced to a prefix plus a membership fingerprint [157], an integer column
to a quantized or clamped approximation, a datetime to a single extracted component, a
Variant column to its referenced sub-fields. To decide what to keep, SqueezeCache intro-
duces lineage pushdown: an optimizer rule that traces how each column is used in the query
plan and communicates the result to the cache through schema metadata, without coupling
the two systems together. When a squeezed representation is insufficient for a future query,
SqueezeCache reads the missing bytes from disk and re-hydrates.

The result is a cache that holds far more of the working set per byte of memory. On
ClickBench and JSONBench, SqueezeCache improves cache hit ratios by up to 4x, reduces
query latency by up to 22x, and cuts I/O by up to 12x compared to an uncompressed cache
(2%, 2x, and 8x respectively over a compression-only baseline). SqueezeCache is now the

default eviction mechanism in the LiquidCache project.
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1.4.3 Efficient I/O and Bf-Tree

White-Box caching’s third axis lives at the boundary between memory and disk. Modern
NVMe SSDs deliver tens of gigabytes per second of bandwidth — enough that classical
assumptions about disk slowness no longer hold, and the abstractions built on those
assumptions (kernel page cache, page-sized buffer pools, page-coupled write paths) have
become bottlenecks rather than helpers [68].

The shared I/O substrate that underpins this work - an io_uring-based, runtime-agnos-
tic I/O subsystem with custom buffer management, direct I/O, and a small-file metadata
optimization that consolidates millions of cached batches into a single self-managed
file with in-memory indexing, append-only logging, and online garbage collection - is
presented alongside the rest of the engineering in Chapter 7. This subsystem is used by
both LiquidCache’s disk tier and Bf-Tree.

The chapter’s main contribution is Bf-Tree, a read-write-optimized B-Tree for larger-
than-memory workloads. Bf-Tree’s central idea is to decouple cache pages from disk pages:
in-memory mini-pages are variable-length and need not mirror the 4 KB disk pages they
correspond to. A mini-page can hold a few hot records, a write buffer of recent updates,
or — when needed - the full leaf page for range scans. A novel variable-length buffer pool,
organized as a circular log with a copy-on-access second-chance region, manages these
mini-pages concurrently and at scale. Bf-Tree is 2x faster than RocksDB [48] on scans, 6x
faster than a B-Tree on writes, and 2x faster than both on point lookups, while keeping
in-memory performance on par with Leanstore [98]. It demonstrates that the White-Box
philosophy is not specific to analytics: granularity opacity is a problem for transactional

KV stores too, and the same move - looking inside the page — pays off there as well.

1.4.4 Engineering a White-Box Cache

Ideas of this kind succeed or fail at the level of implementation. A cache that understands
data formats, query lineage, and access granularity has many more moving parts than a
cache that does not, and is correspondingly easier to get wrong. This chapter draws out
the engineering lessons of building and shipping these systems, organized around a single
observation: opacity is a form of delegation, and every decision a White-Box cache reclaims

for performance comes bundled with a burden the opaque cache had delegated away.
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It traces those burdens one at a time - a modular codebase that keeps an invasive
technique adoptable, a runtime-agnostic io_uring substrate that makes the cache’s byte-
exact memory accounting credible, formal verification with Verus for the crash-consistency
obligation inherited from the filesystem, and differential fuzzing that holds the squeezed
string layout indistinguishable from the format it replaced — before distilling them into a
handful of lessons for building White-Box caches. Several of these techniques, including
the StringView default and a rewritten Parquet decoder, have been upstreamed to Apache

DataFusion, Arrow, and Parquet.

1.4.5 Related Work and Conclusion

The final two chapters consolidate the related work and the conclusions. The related-work
chapter places the three systems within a unified taxonomy of cache designs — opaque-
block caches, semi-transparent caches such as result and predicate caching, and the White-
Box category this dissertation defines — and identifies the boundary of each. The concluding
chapter returns to the three-axis framing introduced here, summarizes the empirical case
for it, and outlines the open questions: White-Box caching across consistency boundaries,
multi-tenant scheduling of squeeze and transcoding work, and what a fourth axis might
look like as data systems continue to evolve.

The dissertation’s central claim is straightforward. Caching has been an opaque, byte-
oriented abstraction for too long, and modern data systems can no longer afford the
redundancy that opacity costs. By giving the cache permission to see — into formats, into
content, into granularity — we recover work that the rest of the stack would otherwise
repeat, query after query. White-Box caching is a new foundation for that recovery, and

the chapters that follow show how three concrete systems put it into practice.
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Chapter 2
General Background

This chapter introduces the technical foundations that the three contributions of this
dissertation share. We organize it around three concerns that any modern analytical
data system must address: how a query flows through the layers of compute, cache, and
storage that constitute such a system; how caches are architected to bridge the widening
gap between the two endpoints of that flow; and what the actual costs of moving data
between those layers look like today. We summarize the relevant prior work for each so
that subsequent chapters can focus on what is new. The cost-model section is a reference
for the rest of the dissertation rather than a survey. The chapter closes by restating the
three axes of opacity introduced earlier, now equipped with the vocabulary required to

address each.
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2.1 Life of a query in cloud-native analytics

COMPUTE [ parse H plan [ decode HexecuteH result ]
CACHE scan

4 /Miss
STORAGE ( object storage )

Figure 2.1: Life of a query through a modern cloud-native analytical engine, drawn as a swim-lane
diagram across compute, cache, and storage layers. Parsing, planning, optimization, decoding, and
execution happen in the compute layer; the scan stage crosses into the cache layer, and missing data
is fetched once from object storage. Filter and projection pushdown shift work between layers without

changing the overall shape of the pipeline.

Modern analytical query execution has converged on a layered pipeline that all major
engines — Spark [183], Photon [20], Velox [133], DuckDB [136], ClickHouse [143], Presto
[161], Dremel [123], and Apache DataFusion [93, 94] — recognizably share. This section
traces a single query through that pipeline (Figure 2.1) so that subsequent chapters can
refer to specific stages without redescribing the whole. Before stepping through the stages,
we need a short detour into the data representations that the pipeline operates on, because

what each stage costs depends critically on how the bytes are laid out.

2.1.1 Data representation on disk and in memory

Cloud-native analytical systems no longer privately own the file format they read. Where
classical OLAP engines paired a proprietary on-disk layout with the engine that read it,
contemporary lakehouse architectures [12, 13, 128] store data in open direct-access formats
that many engines must interpret in compatible ways. Apache Parquet [169], Apache ORC

[10], and Apache Arrow [93] have become the de facto representations for analytical
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data, deployed at petabyte scale across Snowflake [162, 170], Databricks [12, 41], Redshift
[5, 137], BigQuery [123], ClickHouse [143], and the open lakehouse stack built around
DataFusion [93, 94], DuckDB [136], Photon [20], and Velox [133].

Parquet [89, 169] is a self-describing columnar format optimized for storage. A Parquet
file is organized hierarchically into row groups, column chunks, and pages; each page
is independently compressible and decodable. Within a page, values are encoded using
a cascade of techniques — dictionary encoding, run-length encoding, delta encoding,
and plain encoding — chosen at write time to maximize compression. Pages are further
compressed with general-purpose codecs (Snappy, Zstd, LZ4). Parquet’s page index [9]
enables data skipping by storing per-page minimum, maximum, and null statistics; more
recent extensions add Bloom filters and finer-grained zone maps. The strengths of Parquet
— compactness, ecosystem support, and stable governance — are bound to its weaknesses
for query processing: its cascading encoding produces excellent compression ratios [89,
184] but couples values within a page so tightly that selective access requires decoding the
entire page.

Apache Arrow [93] addresses this by serving as the in-memory companion: a columnar
layout optimized not for storage but for vectorized execution. Arrow’s design enables zero-
copy sharing across processes and engines and has become a near-universal currency for
in-memory analytical data [11, 67, 80, 92, 95, 165]. Together, Parquet and Arrow define a
pipeline: data lives in Parquet on storage, becomes Arrow in memory, and the conversion
- decoding — consumes a disproportionate share of every query that touches Parquet [117,
180, 184].

A line of recent work tries to narrow this decoding cost without sacrificing compact-
ness. FSST [25] compresses string columns by extracting frequent substrings into a small
symbol table; FastLanes [1] implements vectorized bit-packing layouts that decode directly
into SIMD registers; ALP [2] compresses floating-point columns by recovering integer
representations when possible. Earlier schemes — Chimp [109], Gorilla [134], ELF [106] -
targeted streaming time-series data with related techniques. Frame-of-reference (FoR) en-
coding subtracts a column-local minimum to shrink dynamic range; cascading dictionary,
FoR, and bit-packing form the basis of BtrBlocks [91] and FastLanes [1] themselves. Beyond
compression, lightweight indexes such as column imprints [155] and Sieve [166] summarize
per-block contents to skip irrelevant data outright, and instance-optimized layouts [46]

adapt storage organization to observed workload patterns. Despite these gains, the schemes



15

have been slow to enter open file formats [89], and the ecosystem has effectively locked in
to the encodings available in 2013 [61, 185]. A second wave of file formats — Nimble [124],
Vortex [156], LanceDB [95], and BtrBlocks itself [91] — proposes outright replacements,
but compatibility with the existing Parquet ecosystem is a persistent obstacle. A comple-
mentary stance, due to MorphStore [40], is that the right place to evolve encoding is not
the file format at all but the engine, by making operators compression-aware so that data
never needs to be fully decoded. This dissertation takes a related position: the cache is the

layer where representation can adapt without breaking the ecosystem.

2.1.2 Parsing and logical planning

A query arrives as SQL or as a declarative API call. The engine parses it into an abstract
syntax tree and binds it against a catalog, producing a logical plan: a tree of relational
operators (scan, filter, project, join, aggregate) whose semantics are well defined but whose
execution strategy is not. Catalog metadata is itself usually cached at this point [13]; the

cost of resolving a table name should be invisible to the query.

2.1.3 Logical optimization and pushdown

The logical plan undergoes a sequence of rewrites that preserve semantics but reorder op-
erators. Predicate pushdown moves filter operators closer to the scan; projection pushdown
drops columns the query never reads; constant folding evaluates compile-time expressions;
subquery unnesting flattens correlated structures; common subexpression elimination
shares work across the plan. The output is an optimized logical plan whose operators sit
closer to the data and farther from the result.

Pushdown is the optimization most relevant to this dissertation. The concept dates to
early relational systems [158], but its modern resurgence is driven by the cost of moving
data over the network in cloud-native architectures. Filters can now be pushed not just to
the storage operator inside the engine, but all the way to the cache server (Chapter 4), to the
storage device (Amazon S3 Select [6], Azure Data Lake [125]), to programmable hardware
(47,78, 88, 149], or even cooperatively to several of these in concert, as in FlexPushdownDB
[179, 180] and Fusion [117]. Each layer that evaluates a filter shrinks the data that subse-
quent layers must handle, but each must also pay the work of evaluation — a trade-off that

complicates pushdown when the lower layer is CPU-poor [117, 180]. Recent engines also
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generate dynamic filters at runtime, propagating partial results back into earlier scans to

shrink them further [19]; these too can be pushed into the cache.

2.1.4 Physical planning

Logical operators are translated into physical operators that specify how each step executes:
hash join versus sort-merge join, hash aggregation versus streaming aggregation, parallel
versus single-threaded scan, batch size, projection pushdown into the scan operator. Cost-
based optimizers [13, 20, 133, 136] choose among physical alternatives by estimating their
resource costs from table statistics. The output is a physical plan: a dataflow graph that the

runtime will execute.

2.1.5 Scan and decode

Execution begins at the leaves of the physical plan, where scan operators read columnar
files from storage. In a cloud-native system the scan operator does not access local files; it
reads from a cache server, a private SSD cache, or directly from object storage, depending
on which architecture in the next section the deployment uses. Range requests are batched
to amortize object-store fees [54], metadata is parsed once and reused, and projection
pushdown ensures that only the requested columns are read at all.

The scanned bytes are still in their on-disk encoding. The next step is decoding - trans-
forming compressed Parquet pages into Arrow batches that downstream operators can
consume. Studies [117, 180, 184] consistently report that decoding consumes a dominant
share of scan-stage CPU on Parquet workloads, exceeding 90% in some configurations. This

observation is the foundation of LiquidCache in Chapter 4.

2.1.6 Vectorized execution

Above the scan, the engine processes data in batches: arrays of values are passed between
operators rather than tuples one at a time. This vectorized execution model, pioneered by
MonetDB/X100 and refined by Photon [20], Velox [133], DuckDB [136], and DataFusion
[93], amortizes operator-call overhead, enables SIMD, and preserves CPU-cache locality.
Within a batch, late materialization [108, 158] avoids decoding values that subsequent
predicates will discard, and selection vectors [158] track which rows have survived earlier

filters without rewriting the underlying columns. Compression-aware execution [40] goes
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further by evaluating predicates on encoded data, deferring decoding until it is unavoidable

— a principle that Chapter 4 develops in the context of caching.

2.1.7 Returning results

The final operator produces a stream of result batches that are encoded for transmission -
in Arrow Flight [11, 80], in JSON, or in some engine-specific protocol — and shipped back
to the client. For interactive workloads, the time to the first batch matters as much as the
time to the last [113, 123, 161]: a dashboard can render incrementally if results stream, but

a half-second hiccup is enough to disrupt interactive exploration [113].

2.2 Caching architectures

Private Distributed Disaggregated
compute | |compute compute compute compute compute
cache cache l l | |
cache cache cache cache

\/

( object storage ) ( object storage ) ( object storage

Figure 2.2: Three caching architectures for cloud-native data systems. Private caches live inside each

compute node and replicate data across the cluster. Distributed caches federate compute-local caches
into a single logical store with no replication. Disaggregated caches separate cache servers from compute

nodes, letting each scale independently but introducing a network hop on every cache access.

A cache mediates between two layers that differ in cost or latency. In cloud-native data
systems, the relevant gap is between object storage and compute: object stores cost cents
per gigabyte for capacity but charge per request and impose hundred-millisecond first-byte

latencies [54], while compute is elastic, ephemeral, and expects byte-addressable access at
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memory speed. Every major cloud-native engine therefore deploys some form of caching
layer between them. Figure 2.2 summarizes the three architectural families that have
emerged; this section describes each, together with two orthogonal axes — what a cache

caches, and how it evicts.

2.2.1 Private cache

The simplest architecture places the cache inside the compute node itself, drawing on spare
memory or attached SSD. Each node maintains its own private cache and never shares state
with peers. This is the model used by Crystal [52], by Amazon Redshift’s compute-local
SSD cache [5, 137], by Databricks’s Disk Cache [41], and by Bauplan [163, 164]. Private
caches are easy to deploy and easy to reason about: no consensus protocol, no consistency
to maintain, no shared state between nodes. They scale linearly with the compute fleet
because every compute node carries its own cache.

The drawback is equally simple. With N compute nodes accessing the same data, a
private-cache fleet caches it N times, wasting both DRAM and SSD. The redundancy grows
with cluster size, and ephemeral compute environments — particularly serverless functions
[24, 164] — discard their caches between invocations entirely. Private caches are best suited
to small clusters with persistent compute, and they are increasingly out of step with the

elastic, serverless deployments that dominate modern analytical platforms.

2.2.2 Distributed cache

To eliminate redundancy, distributed caches coordinate state across compute nodes so that
each piece of data is cached at most once across the cluster. Snowflake’s local SSD cache
[170] uses consistent hashing to partition the cache across compute nodes, and Alluxio [4]
similarly federates participating nodes into a single logical cache spanning the cluster. A
query running on one node may transparently fetch cached data from another node’s local
store; the cache layer makes the placement invisible to the engine above.

Distributed caches achieve higher hit ratios at fixed total memory than private caches
do, but the coordination cost is non-trivial. Adding or removing a compute node requires
rebalancing cached data across the survivors — typically through consistent hashing or a
more elaborate placement scheme — and load balancing during query execution requires

the planner to know where each piece of data lives. The cache is no longer invisible to
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the engine. Distributed caches are also tightly coupled to compute: a cache outage and a
compute outage become the same incident, and elastic resizing of one forces resizing of
the other.

2.2.3 Disaggregated cache

The third architecture separates the cache from compute entirely, hosting it on dedicated
cache servers shared by multiple compute nodes. This is the model adopted by Google’s
Napa [3], by FoundationDB’s storage layer [192], by AWS ElastiCache [7], by Krypton
[34], and by managed-Redis offerings used by countless smaller systems. The cache scales
independently of compute: a workload that grows in working-set size can add cache
capacity without provisioning compute, and vice versa. CompuCache [188] and Ditto [148]
explore elastic variants in which spot or serverless capacity is used to expand the cache
layer dynamically, and InfiniCache [171] pushes the idea to the extreme by storing cache
state in ephemeral cloud functions themselves.

The compute-cache communication, however, moves to the network. For analytical
workloads that scan large columns, the network can easily become the new bottleneck.
Two responses are visible in the literature. The first is to use the disaggregated cache only
for metadata, keeping data in private caches or scanning it from storage directly [3, 52,
55, 192]. The second is to push computation into the cache so that less data crosses the
network - the pushdown caching regime that LiquidCache and SqueezeCache target. A
third response, orthogonal to caching, is to relocate memory itself: FaRM [49], AIFM [140],
LegoOS [147], Pond [104], TPP [120], and Hao et al. [73] investigate disaggregated DRAM
tiers built on RDMA or CXL, while HetCache [130, 141], HPCache [129], and DEX [116]
examine heterogeneous tiered caches that span DRAM, CXL-attached memory, and NVMe.

2.2.4 Semantic and partial caches

Orthogonal to topology, caches may also vary in what they cache. Result caching stores
the output of past queries; if the same SQL arrives again, the cached result is returned
without execution at all. Materialized views generalize this by maintaining pre-computed
sub-queries. Predicate caching [142] is a more recent variant that records which row
ranges have satisfied past predicates, accelerating subsequent scans. STsCache [87, 105]

and TSCache [112] push semantic caching further by exploiting properties specific to
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time-series workloads, and ReCache [18] and ChronoCache [62] mid-tier-cache analytical
query results to anticipate user behavior. Each of these is precise about what is cached, but
typically rigid about how much: an entry is either present in full or not at all. SqueezeCache

(Chapter 5) departs from this pattern by treating the fidelity of a cached entry as a spectrum.

2.2.5 Eviction policies

A cache must decide which entries to keep when capacity is exhausted. The literature on
eviction is vast and orthogonal to the work in this dissertation; we summarize it only to
establish vocabulary. The classical baseline is Belady’s optimal [21], which evicts the entry
whose next access is farthest in the future. Among implementable policies, LRU [14], LRU-K
[131], 2Q [82], ARC [122], and CLOCK have been the workhorses for decades. Recent work
has produced simpler policies that match or exceed these: S3-FIFO [177] replaces LRU’s
complexity with three FIFO queues, and SIEVE [189] uses a single FIFO with a moving
cursor. A parallel line of work applies machine learning to eviction, including GL-Cache
[176] and Baleen [174] for object caches. Engine-level deployments such as CacheLib [23]
expose a tunable framework rather than a fixed policy, and recent work on elastic cost-
aware caching [28, 90] asks how policies should account for cloud pricing and consistency:.
The work in this dissertation is orthogonal to all of these: a White-Box cache can run any
of these policies and benefits from their improvements. What changes is the unit on which

a policy operates, and the choice that the unit expresses.

2.3 Cost model every system researcher should know

Every chapter that follows appeals to the same set of cost figures: the latency, bandwidth,
and dollar cost of moving a byte across some particular boundary. This section collects
those figures in one place. It is intended as a working reference rather than a survey, so
the numbers are deliberately rounded — precise to perhaps half an order of magnitude
— and reflect the state of 2024-2025 commodity hardware and major-cloud pricing. The
framing follows the tradition of Jeff Dean’s latency numbers every programmer should know:
a small list of numerical anchors, organized on a single logarithmic spine, with enough
commentary to turn the list into intuition.

Numbers in cloud-native data systems span roughly ten orders of magnitude. The CPU

sees its own L1 cache in around a nanosecond; the same CPU sees a cross-continent S3
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request in around two hundred milliseconds. Most design decisions in this dissertation
come down to recognizing which of these tiers a particular piece of work currently sits at,

and what it costs to move it to a different tier.

2.3.1 Decomposing the hierarchy: interconnect x medium

Any latency or bandwidth a query observes is determined by two physical components.
The interconnect is the wire and protocol the request traverses: the on-chip fabric, the
memory bus, the PCle lane, the SATA cable, the NIC and its network. The medium is the
storage technology where the data actually lives: SRAM cells in a CPU cache, DRAM in a
DIMM, NAND flash in an SSD, magnetic platters in a hard drive, the layered backend of
an object store. The achievable latency of any (interconnect, medium) pairing is bounded
below by whichever of the two takes longer, and the achievable bandwidth is bounded
above by whichever has the lower ceiling. Decomposing the hierarchy this way is more
compact than enumerating every pairing, and more educational because it lets the reader
reason about combinations the table does not list.

Figure 2.3 visualizes a handful of common pairings on a single logarithmic axis;
Table 2.1 lists the underlying components and their cost. Vendor specifications, published
benchmark studies [54, 68], and our own measurements agree to within a small factor, so

readers chasing a specific deployment should treat these as ballparks rather than commit-

ments.
1 second ~ 2.8 hours ~ 3.8 months
~1ns ~ 10 pus ~ 10 ms
L1 cache NVMe SSD S3 Express
° o o —o
1 ns 1s
Local DRAM Same-AZ net S3 Standard
~ 80 ns ~ 500 ps ~ 50 ms
~ 1.3 min ~ 5.8 days ~ 1.6 years

Figure 2.3: Latency for common (interconnect x medium) pairings on a logarithmic axis spanning nine
decades. Italic numbers under each tier translate the latency into human-scale time using the rule “if 1
ns equalled 1 second”. The underlying components and their separate contributions appear in Table 2.1;

this figure shows what the application experiences once the two are composed.
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Component Latency Bandwidth BOM Operating cost

Interconnects

On-chip cache fabric ~0.5ns > 200 GB/s bundled —

Local memory chan- ~5ns ~ 80 GB/s bundled —

nel (DDR5)

NUMA inter-socket ~ 70 ns ~ 50 GB/s bundled —

hop

CXL 2.0 x16 ~ 150 ns ~ 64 GB/s bundled —

PCle 5.0 x4 ~ 500 ns ~ 16 GB/s bundled —

SATA I ~50 ps 0.55 GB/s bundled —

100 GbE NIC, same ~5ps ~12 GB/s ~$300-1500/NIC —

rack

Same-AZ  network ~ 500 ps ~ 10 GB/s — free

(cloud)

Cross-AZ  network ~ 2 ms ~5GB/s —  $0.02/GB rt

(cloud)

Cross-region network ~ 50-200 ms varies — $0.02/GB

(cloud)

Internet egress (cloud) ~ 50-300 ms varies — $0.05-0.09/GB

Media

SRAM (CPU L1/L2/L3 <1lns >200GB/s ~$1000/GB  ~ $17/GB-mo

caches)

DDR5 DRAM ~ 80 ns ~ 80 GB/s ~$1.50/GB ~ $0.025/GB-mo

DDR4 DRAM ~ 100 ns ~ 50 GB/s ~$0.70/GB  ~ $0.012/GB-mo

NAND (TLC, NVMe- ~10 ps ~ 14 GB/s ~$0.07/GB  ~ $0.0012/GB-mo

class)

NAND (TLC, SATA- ~ 100 ps 0.55 GB/s ~$0.04/GB  ~ $0.0007/GB-mo

class)

HDD (magnetic) ~10ms ~0.25 GB/s ~$0.01/GB ~ $0.0002/GB-mo

S3 Express One Zone ~5-10 ms - opaque $0.16/GB-mo

backend

S3 Standard backend ~ ~30-100 ms - opaque $0.023/GB-mo +
$0.40/M GET

S3  Glacier  (cold minutes — opaque $0.001-0.004/GB-mo

archive)

Table 2.1: Cost components of a cloud-native data system, separated into interconnects (top) and media
(bottom). The latency and bandwidth of any deployment are bounded by whichever of an (interconnect,

medium) pair is slower or narrower. BOM is the rough bill-of-materials (silicon plus assembly) at retail-
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OEM volumes; “bundled” components are integrated into the CPU or motherboard and not separately
billed.

A few worked compositions ground the table. Local DDR5 over the memory bus runs at ~
80 ns and ~ 80 GB/s — the bus contributes only 5 ns and matches the chip’s 80 GB/s peak, so
DRAM dominates both numbers. NAND on a PCle 5.0 NVMe drive runs at ~ 10 ps and ~ 14
GB/s - the bus contributes 500 ns and 16 GB/s, but the NAND medium’s 10 ps random-read
latency dominates the result. S3 Standard at ~ 50 ms is dominated by the network: a same-
AZ round trip is ~ 500 ps to set up, but the backend itself round-trips across several layers
of replicated storage and takes tens of milliseconds. Pairings with the same interconnect
therefore differ wildly in experienced performance depending on the medium attached, and
vice versa — which is exactly what makes “the cache”, a layer that controls both sides of the
pair, so leverageable.

Two observations matter for the rest of the dissertation.

First, the hierarchy is exponentially distributed, not linearly. A useful mental scale is
to imagine that 1 ns equalled 1 second: in that scale an L1 hit is a single second, DRAM
is a minute and a half, a local NVMe read is about three hours, a same-region S3 request
is a year and a half, and a cross-continent request is more than six years. Caching pays
off because the gap between adjacent tiers is exponential rather than linear, and crossing
two tiers at once (DRAM versus S3, say) is closer to crossing several together than additive
intuition would suggest.

Second, latency and bandwidth are independent. S3 has hundred-millisecond latency
and multi-gigabyte-per-second aggregate bandwidth; DRAM has nanosecond latency and
tens-of-gigabytes-per-second bandwidth. A cache that targets latency and one that targets
bandwidth have different break-evens and different evaluation metrics. The three caches
in this dissertation pick different points in this plane: LiquidCache and SqueezeCache
target the latency-bandwidth-balanced regime of analytical pushdown caching, and Bf-

Tree targets the latency-dominated regime of point lookups and range scans.

2.3.2 Bill of materials and operating cost

The last two columns of Table 2.1 decompose dollars into two components. Bill of materials
(BOM) is the marginal manufacturing cost of one unit of capacity - the silicon, packaging,

and assembly that produces a single gigabyte of the medium, or a single device of an
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interconnect. BOM is invariant across deployments: a DDR5 DIMM costs roughly the
same to manufacture whether it ends up in a personal workstation or in an AWS rack.
Operating cost is what the operator (or paying user) actually spends per unit time, and has
two regimes. For owned hardware, the operating cost is amortized BOM plus energy and
datacenter overhead. For cloud-managed services, it is the provider’s published per-byte
and per-request pricing.

Industry consensus on the useful lifetime of datacenter hardware has been roughly four
years for the last decade, with recent disclosures from major hyperscalers extending this
toward five to six years for general-purpose servers. In 2022, Microsoft, Meta, and Google
each updated the depreciation life of server hardware in their financial filings — Microsoft
from four to six years, Meta from 4.5 to 5, Google from four to six - citing improving
hardware durability and rising embodied-carbon cost as the joint motivations. Table 2.1
uses sixty months (five years) as the amortization denominator; deployments holding
hardware longer see proportionally lower per-month costs.

The amortized BOM in the table is the floor of what a particular medium costs to
operate. Cloud-managed offerings sit far above it. DDR5 amortizes to roughly $0.025/GB-
month at BOM; provisioned in a cloud VM, the same memory rents for $3-4/GB-month
- a hundredfold markup that pays for power, cooling, networking, redundancy, support,
and provider margin. NAND in cloud-attached NVMe amortizes to ~ $0.001/GB-month
at BOM; cloud-provided NVMe rents for $0.10-0.20/GB-month, another hundredfold gap.
HDD-class storage amortizes to ~ $0.0002/GB-month; S3 Standard at $0.023/GB-month
is a hundredfold markup but bundles eleven-nines durability, automatic geo-replication,
request-level access control, and the network plumbing to serve any client globally. The
markups look extreme on paper but reflect real value: every cloud byte arrives ready to use,
while every owned byte requires hardware operations, replication design, and physical-
plant overhead the table cannot price.

Per-request and per-byte transfer charges are the second source of cloud operating cost,
and they sit alongside the per-GB-month figures in the table. S3 GET requests cost $0.40 per
million, PUT requests an order of magnitude more. A workload issuing a million GETs per
day spends ~ $12/month on requests alone, often rivalling the storage bill on small-object
workloads - the immediate economic argument for batching range reads, and indirectly
for caching, since every cache hit avoids a paid request. Data transfer is highly directional:

same-AZ is free, cross-AZ within a region is $0.02/GB round-trip, cross-region is $0.02/
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GB, public-internet egress starts at $0.05/GB and rises. A cache server placed in the same
AZ as compute is therefore free at the network layer; one in a different region multiplies
its bandwidth bill substantially, and offerings such as Cloudflare R2 reshape the equation
by charging zero for egress entirely. Finally, serverless pricing replaces the GB-month axis
with a GB-second axis: state stored in an ephemeral function pays only for active time, a
model that favors bursty or sparsely accessed workloads and motivates systems such as
CompuCache [188] and InfiniCache [171].

2.3.3 Reading the numbers

Three rules of thumb tie the table together and motivate the design choices in the rest of
the dissertation.

The gap between tiers is exponential, not linear. Caching always pays off when the
next tier is one full order of magnitude slower. Most adjacent pairs in Table 2.1 are. The
interesting design question is rarely “should we cache?” but “at which tier?” — because each
tier brings its own bandwidth, BOM, and operating-cost characteristics.

Latency and bandwidth are independent. A cache that targets latency and one that tar-
gets bandwidth have different break-evens and different evaluation metrics. LiquidCache
and SqueezeCache target latency-bandwidth-balanced analytical pushdown; Bf-Tree tar-
gets latency-dominated point and range workloads.

Cloud pricing reshapes the question. Two pairings that look equivalent on latency and
bandwidth may differ by a factor of ten in dollar cost. Per-request charges argue for batch-
ing; per-byte transfer charges argue for filter pushdown; per-GB storage charges argue
for compression and squeezing. The three axes of the White-Box cache - representation,

content, and granularity — map almost one-to-one onto these three cost gradients.

2.4 Three layers of opacity, revisited

With the vocabulary of this chapter in place, we can restate the framing of the introduction
more precisely. A conventional cache sits at one stage of the query lifecycle - the scan in
Figure 2.1 — in one of the architectures in Figure 2.2, and treats its contents as opaque bytes.
It does not see that the bytes are Parquet rather than ORC, or that the Parquet pages would
decompress an order of magnitude faster if reorganized. It does not see that the query

references only the day-of-week field of a datetime column, or only a prefix of a string, or
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only one path through a Variant. It does not see that hot records and cold records share a
page, or that a single update will force the whole page to be written back. The next chapter
(Chapter 3) develops the shared design vocabulary for a cache that is given permission to

see; the three chapters after it describe what changes along each axis in turn.
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Chapter 3

The White-Box Cache:
A Reference Design

The introduction argued that a cache, in a modern data system, should be allowed to see
inside the data it holds, and identified three axes — representation, content, granularity —
along which that permission pays off. The background chapter then laid out the technical
landscape any such cache must inhabit: the query lifecycle, the architectures caches deploy
in, the cost gradients that make caching worth doing in the first place, and the three
opacities a conventional cache accepts.

What remains, before the three system chapters, is a shared design vocabulary. Liquid-
Cache (Chapter 4), SqueezeCache (Chapter 5), and Bf-Tree (Chapter 6) each attack one axis,
but they are not three unrelated systems sharing a buzzword. They obey the same reference
architecture, communicate with the engine above through the same family of channels,
and make the same kind of trade-off between cache fidelity and downstream re-fetch cost.
This chapter develops that shared design before the chapters that instantiate it, so that the
system chapters can refer to a common contract rather than each re-inventing one.

The chapter is short by design. We describe (1) the reference architecture of a White-
Box cache and how it differs from a black-box one (Section 3.1); (2) the channels through
which the cache learns what the workload needs and reports back what it can answer
(Section 3.2); (3) the fidelity spectrum a White-Box cache exposes, generalizing the binary
keep-or-evict decision of conventional caches (Section 3.3); (4) how the three axes compose
within a single deployment (Section 3.4); and (5) what we explicitly do not try to do,
separating White-Box caching from adjacent ideas such as result caching and materialized

views (Section 3.5).
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3.1 A reference architecture

Black-box White-Box
query engine engine + optimiser
put get ingest  query  reflect
cache White-Box cache
opaque blobs representation
tent
keyed by id conmer
| |
; miss y miss

( object storage ) ( object storage )

Figure 3.1: Reference architecture of a White-Box cache. A conventional cache (left) accepts an opaque

blob keyed by an opaque identifier and returns the same bytes on a hit; the workload runs entirely
above it. A White-Box cache (right) accepts a typed columnar value together with workload context —
the schema it belongs to, the predicates that will be evaluated against it, and the lineage of operations
the cache is allowed to anticipate — and returns either filtered bytes (representation), a partial repre-
sentation that still answers the predicate (content), or a record-granular subset of the page it logically
belongs to (granularity). The three system chapters of this dissertation instantiate one of the three

internal layers (representation, content, granularity) each.

A black-box cache has two arrows on its interface, both opaque. A put (key, blob) arrow
brings bytes in; a get (key) arrow takes the same bytes out. Whatever policy the cache runs
- LRU, ARC, S3-FIFO - it operates on the keys, never on the blobs. Everything sophisticated
happens above the cache, in the engine that knows what the blobs mean.

A White-Box cache replaces those two arrows with three richer ones (Figure 3.1).

Ingest. Data still enters the cache, but accompanied by its schema and (in the disaggre-
gated case) the engine plan that will consume it. The cache may immediately re-encode the
data on ingest, as LiquidCache does, or defer the transformation until the workload reveals

which encoding is worth paying for.
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Query. A query is no longer a key. It is a small dataflow program - predicates, projec-
tions, simple aggregations, lineage hints — that the cache executes against its in-cache
representation. A White-Box cache may answer the query against any of several internal
representations (fully decoded, partially decoded, or fingerprint-only), choosing the most
compact one that suffices.

Reflection. A White-Box cache reports back more than “hit” or “miss.” It may return a
partial answer (a fingerprint result that requires the engine to refine on disk), a typed result
(an extracted day-of-week instead of a full datetime), or a fully materialized batch. The
engine is expected to handle the cache as an active participant rather than a passive store.

The three chapters that follow each thicken one of the three internal labels in Figure 3.1.
LiquidCache turns the box labeled “representation” into an adaptive cascade. SqueezeCache
turns the box labeled “content” into a workload-driven choice of fragments. Bf-Tree turns
the box labeled “granularity” into a variable-length mini-page whose size and contents are

unrelated to the disk page it derives from.

3.2 Information flow: from optimizer to cache

The most subtle part of a White-Box cache is not what it does internally but how it learns
what to do. A cache that asks for too much from the engine becomes engine-coupled and
unportable; one that asks for too little falls back to a black-box cache that happens to use
modern encodings. We use three communication channels, each instantiated by at least
two of the three system chapters.

Schema metadata. The cache reads metadata attached to the columns it holds. Liquid-
Cache uses metadata to remember which Parquet column chunk an in-cache batch derives
from and which FSST symbol table to use. SqueezeCache extends this with lineage meta-
data: an optimizer rule attaches per-column usage tags (“only day-of-week extracted”, “only
this JSON path referenced”) to the schema, so the cache can squeeze on ingest. Bf-Tree’s
reference bits and look-ahead bytes are a degenerate version of the same idea, internal
rather than engine-visible.

Pushdown protocol. Predicates, projections, and inexpensive aggregations are pushed
into the cache rather than evaluated above it. LiquidCache evaluates filters against partially
decoded data; SqueezeCache extends the same protocol with the right to return a partial

result (a fingerprint pre-filter) that the engine must complete. Bf-Tree pushes negative-
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search caching into the cache by storing phantom records — a small generalization of the
pushdown idea to the KV index regime.

Access traces. Frequency and recency, the inputs that conventional caches use, remain
available, but the White-Box cache also records which fields of each cached value were
consulted. SqueezeCache uses two-byte expression IDs and lock-free CAS-updated headers
to record this without slowing scans; Bf-Tree uses per-record reference bits. The trace
influences future squeeze, hydration, and eviction decisions.

A White-Box cache is the union of these three channels. A cache that opts into only
one is fine — LiquidCache works without lineage and Bf-Tree works without pushdown -

but the union is what allows a single cache to attack all three axes at once.

3.3 Cache fidelity as a spectrum

Conventional caches expose a binary state per entry: present or absent. A White-Box cache
exposes a continuum. We use four reference states across the three systems (Figure 3.2):

Full. The entry holds an exactly equivalent representation of the original data, possibly
re-encoded for efficiency. Liquid arrays are full-fidelity by this definition: the encoding is
lossless and any operation that would have worked against the original Parquet data still
works against the Liquid layer.

Compressed. The entry is full-fidelity but bit-for-bit smaller, traded for some decoding
cost. LiquidCache’s bit-packed Liquid arrays sit here; so do Bf-Tree’s prefix-compressed
mini-pages.

Lossy. The entry retains only the fragments the workload demonstrably uses.
SqueezeCache’s squeezed strings (prefix + fingerprint), squeezed datetimes (day-of-week),
and shredded variants live here. A predicate against a lossy entry either answers defini-
tively from cache or falls back to disk for the missing bytes.

Evicted. The entry has been written to a disk tier and freed from memory. Re-hydration
is possible; if the next access path needs the full entry, the cache reads it back.

Each system chapter realizes a subset of this spectrum under its own names: Squeeze-
Cache, for instance, labels the four states uncompressed, compressed, squeezed, and evicted,

mapping its squeezed state onto the lossy state above.
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Figure 3.2: The fidelity spectrum a White-Box cache manages. A conventional cache moves entries
between only the two end-states (Full and Evicted). A White-Box cache exposes the intermediate states
and chooses between them per entry, driven by the access trace and the lineage metadata of Section 3.2.

Each system chapter inhabits a different subset of the spectrum.

The choice between states is the cache’s core decision, taking the place that eviction
occupies in a conventional cache. Where a black-box cache asks “which entries should I
drop?”, a White-Box cache asks “for each entry, which state along the spectrum minimizes
the expected total cost of serving future accesses?” SqueezeCache develops this idea most
explicitly — its multi-state squeeze policy is exactly a navigation of this spectrum — but the
same vocabulary applies to LiquidCache’s compressed-vs-uncompressed choice and to Bf-

Tree’s choice between record-cache, write-buffer, and full-page mini-pages.

3.4 Composing the three axes

The three axes are independent. A single cached column may be simultaneously represen-
tation-adaptive (encoded as Liquid), content-curated (squeezed to a prefix and fingerprint),
and granularity-decoupled (held in a mini-page sized to the hot records rather than to the
underlying disk page). The three contributions of this dissertation each demonstrate one
axis in isolation, but the framework permits any subset. LiquidCache and SqueezeCache
already compose: SqueezeCache is built on LiquidCache and inherits its Liquid encodings

as the lossless layer of the fidelity spectrum. Bf-Tree sits in the transactional regime and is
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independent of the other two, but its variable-length buffer pool is conceptually the same
mechanism a future analytical cache would need to support per-batch fidelity choices that
are not aligned to fixed sizes.

The composition matters because the three axes attack three different costs. Represen-
tation reduces CPU time per byte: a query touches fewer bytes for the same logical work.
Content reduces bytes per entry: a query holds the same number of entries in less memory.
Granularity reduces entries needed: a query keeps the right subset of each page hot, freeing
memory for other entries. A deployment that takes only one axis recovers one cost gradient.

The full White-Box picture is a deployment that takes all three.

3.5 Non-goals

Three adjacent ideas are sometimes confused with White-Box caching, and it is useful to
mark the boundaries explicitly.

Result caching stores the literal output of past queries and serves only repeats. A White-
Box cache caches data rather than results, so a squeezed entry is reusable across queries that
share the column but not the predicate — the common case in analytical workloads. Result
caching can sit above a White-Box cache without conflict and the two are complementary.

Materialized views pre-compute named sub-queries. They require user or system decla-
ration and are limited to the views chosen at design time. A White-Box cache infers what
to retain at runtime, per column, from the workload that arrives.

Predicate caching records which row ranges have satisfied past predicates [142]. It is
a degenerate special case of squeezing in which the squeezed representation is a single
bitmask. SqueezeCache generalizes this to typed lossy representations chosen per datatype.

These three live above the abstraction this dissertation works on, not against it. A
production deployment may run result caching for popular dashboard queries, a small
materialized view for joins on the fact table, and a White-Box cache for the scan layer

underneath; the three answer different questions.

3.6 From the framework to the chapters

The next three chapters take up the three axes in the order introduced here. Chapter 4

opens the representation axis: it asks what a cache can do once it picks its own encoding,
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and demonstrates that an adaptive cascade reduces cache CPU by an order of magnitude
on Parquet pushdown without growing memory. Chapter 5 opens the content axis: it asks
how much of each cached entry the workload actually needs, builds the lineage machinery
sketched in Section 3.2, and shows that retaining only the relevant fragments raises cache
hit ratios fourfold. Chapter 6 opens the granularity axis in the transactional regime: it asks
why cache pages must look like disk pages at all, and shows that a variable-length buffer
pool yields a single index that is simultaneously the best at point lookups, range scans, and
writes. Chapter 7 then revisits the cross-cutting engineering — the I/O substrate, the verified

disk-management layer, the upstream contributions — and Chapter 8 and Chapter 9 close.
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Chapter 4

LiquidCache:
Adapting Cache Representation
to the Workload

This chapter attacks the first of the three opacity axes from the introduction: representation.
A conventional cache holds data exactly as the storage layer produced it — compressed
Parquet [169] pages, in the file format the lakehouse [13] happens to write — and asks the
rest of the stack to make do with whatever bytes that yields. That choice is opaque in two
ways at once. The cache cannot decide how its bytes are encoded, so it cannot match the
encoding to the operators reading from it; and the engines reading from the cache cannot
avoid paying full decoding cost on every byte they touch, even when most of those bytes
will be discarded by a filter. LiquidCache, the system described in this chapter, lifts both
restrictions by transparently transcoding Parquet into an in-cache format whose encoding
is chosen adaptively, in response to the workload running against it.

The opportunity is large because the cost being paid is large. Profiling filter pushdown
on Parquet across the open lakehouse stack [20, 93, 133, 136] shows that data decoding —
the conversion from Parquet’s storage-optimized layout into the Arrow-shaped [93] layout
the query engine wants — consumes the overwhelming majority of the CPU time the cache
spends on a typical pushdown query (Figure 4.1); the filter evaluation that decoding was
supposed to accelerate occupies less than 10%. Filter evaluation pushed down to S3 Select
[6] or Azure Data Lake Storage [125] hits the same wall, and several major cloud-native

systems [8, 42] have responded by disabling pushdown for Parquet entirely.



35

(Parquet)

LiquidCache I M Filter eval Decode M Decompress M Others
0 5 10 15 20 25
Time (s)

Figure 4.1: Time breakdown of filter pushdown for ClickBench Q22. Data decoding and decompression
dominate CPU time on cached Parquet; filter evaluation takes less than 10%. This is the bottleneck
LiquidCache attacks.

One response to this gap has been to replace Parquet with a faster file format. BtrBlocks
[91], Vortex [156], Nimble [124], LanceDB [95], and others propose alternatives whose
encodings are easier to decode. But the file format is a public interface across many engines,
and the ecosystem has effectively locked in [61, 89, 185] to the encodings Parquet shipped
with in 2013. A second response has been to push filters into specialized hardware — FPGAs
[149], SmartSSDs [47], SmartNICs [88], DPUs [78] — but the hardware is bespoke and the
deployment story complicates the very disaggregation it was meant to support.
LiquidCache takes a third path: leave the file format alone and change what happens
inside the cache. On the first read, the cache transcodes Parquet into Liquid, an in-cache
format that cascades dictionary encoding, FastLanes bit-packing [1], FSST string compres-
sion [25], ALP floating-point encoding [2], and frame-of-reference integer encoding -
every layer independently decodable, so that a filter can run against whichever layer is
most efficient for the predicate at hand. Filter evaluation can operate on encoded dictionary
keys, on dictionary values alone, on bit-packed integers, or on fully decoded Arrow,
whichever permits the smallest decoding work. The Liquid format lives only inside the
cache layer, so the rest of the ecosystem continues to see Parquet, and the cache is free to
evolve its encodings without coordinating with anyone. Transcoding overhead is hidden
through fine-grained, batch-level conversion that runs asynchronously in the background,
exploiting the idle CPU cycles that analytical workloads leave between operator stages.
We implemented LiquidCache as a disaggregated cache server integrated with Apache
DataFusion [93] and evaluated it on ClickBench [35, 36] and TPC-H. LiquidCache reduces
cache CPU time by up to 10x compared to Parquet pushdown, cuts network traffic by two
orders of magnitude compared to non-pushdown caches, and matches Arrow-in-memory

caches in latency at a quarter of the memory footprint. Several techniques developed for
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LiquidCache - a rewritten Parquet decoding pipeline and a new Arrow StringView repre-

sentation — have been upstreamed and are now defaults in DataFusion, Arrow, and Parquet.
The contributions of this chapter are:

1. The first disaggregated pushdown cache for cloud-native analytics, built on production-
grade systems (Section 4.2).

2. The Liquid in-cache format, co-designed with filter evaluation so that predicates can be
evaluated against whichever encoded layer suffices (Section 4.3).

3. A demonstration that a cache can adopt state-of-the-art encodings without breaking the
open file-format ecosystem.

4. An evaluation that explores the design space of disaggregated caches on ClickBench and
TPC-H and quantifies their trade-offs (Section 4.4).

5. Upstream contributions to Apache DataFusion, Arrow, and Parquet that propagate the
underlying techniques into systems beyond this dissertation (Section 7.6).

The chapter opens with the LiquidCache-specific background that Chapter 2 and Chapter 3

did not cover, then presents the architecture (Section 4.2), the Liquid format and its co-

design with filter evaluation (Section 4.3), the empirical evaluation (Section 4.4), related

work, and a transition to the next chapter.

4.1 Background

Chapter 2 introduced the broad context that LiquidCache assumes: data lives in Parquet
on object storage; caches sit between compute and storage in private, distributed, or
disaggregated topologies (Figure 2.2); queries flow through parse, plan, optimize, scan,
decode, and execute stages (Figure 2.1); filter pushdown is an established optimization; and
decoding consumes the bulk of scan-stage CPU on Parquet workloads (Section 4.1.1 briefly
recapitulates the four-step pushdown pipeline). Chapter 3 then developed the cache-design
vocabulary — the reference architecture, the information-flow channels, and the fidelity
spectrum - against which LiquidCache instantiates the representation axis. LiquidCache
deploys as a disaggregated pushdown cache and inherits the latency/bandwidth character-
istics of that topology — a same-region network hop on every access (Table 2.1), traded
for independent scaling of cache and compute. This section adds the two pieces of Liquid-

Cache-specific background neither of those chapters covered: a slightly tighter look at the
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Parquet-pushdown bottleneck Figure 4.1 targets, and the latency regime LiquidCache is

designed to serve.

4.1.1 Filter pushdown on Parquet

Evaluating filters against a Parquet file involves four steps: (1) decode the Parquet metadata
to locate the relevant data pages; (2) decompress those pages with a general-purpose codec
such as LZ4 or Zstd; (3) decode the Parquet-encoded columnar data into an in-memory
representation; (4) evaluate the predicates against the decoded data. As shown in Figure 4.1,
the dominant cost is decoding - the third step — not the fourth. Because filters cannot be
evaluated directly on Parquet’s compressed format, decoding is unavoidable and must be
performed regardless of how selective the predicate turns out to be. Several cloud storage
systems either do not support filter pushdown on Parquet files [8, 42, 125] or see degraded

performance when attempting it [180].

4.1.2 Target workloads: low-latency analytics

LiquidCache targets low-latency workloads — dashboards, anomaly-detection pipelines,
interactive queries, LLM knowledge retrieval - that demand sub-second response time.
User studies show that response times above roughly 500 ms significantly hinder interac-
tive exploration [113]. Fetching data from object storage already incurs more than 100 ms
of first-byte latency [54], and Parquet metadata often requires two network round-trips
before execution can even begin. Large-scale deployments of systems such as Dremel [123]
and Presto [161] report orders-of-magnitude slowdowns when data is accessed over the
network. These observations motivate caching techniques that minimize both remote I/O

and decoding overhead.

4.2 Architecture

LiquidCache is a disaggregated pushdown cache - the third architecture in Figure 2.2 —
hosted on commodity VMs and sitting between compute nodes and object storage. Cache
servers are provisioned for memory rather than CPU, the inverse of compute, so each
can serve many compute nodes that scale independently. Filter pushdown into the cache

is what allows this asymmetry to pay off: by evaluating predicates close to the data, the
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cache emits only the filtered result, sparing the inter-tier network the bandwidth a non-
pushdown cache would consume.

This section presents the detailed design of LiquidCache. We first outline the core
system components and their interactions, then walk through the complete lifecycle of
query execution from initial planning to final results, and finally discuss caching mecha-

nisms and policies.

Compute
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LiquidCache <1ms Compute
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Store

>100ms

Compute
(e E el =] Yo

Figure 4.2: LiquidCache architecture — LiquidCache runs on a commodity, elastically-scaled cache

server, physically close to the compute servers that handle query execution.

4.2.1 System components

As shown in Figure 4.2, LiquidCache is a cache server that sits between compute nodes and
object storage. Object storage is slow, with first-byte latencies over 100ms [54]. In contrast,
LiquidCache’s cache hits take less than 1 ms because the cache server runs physically close
to the compute nodes.

The cache server reads from any object storage provider. While some providers allow
pushdown filters to object storage, they either do not support Parquet [125] or are slower
with pushdown enabled [180]. LiquidCache instead uses common object storage APIs and
supports any storage provider.

The cache server provisions SSD-based elastic storage to store Parquet data retrieved
from object storage. The cache server can seamlessly provision more elastic storage without
downtime when additional storage capacity is required. The bundled CPU on the cache

server manages network communication between compute nodes and object storage, and
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evaluates filters received from compute nodes. However, unlike compute nodes performing
computationally intensive operations, the cache server’s CPU requirements are minimal
and cost-efficient.

Communication between the cache and compute servers occurs via Arrow Flight, a
high-performance network protocol built on gRPC. Arrow Flight enables zero-copy data
transfer by allowing compute nodes to directly interpret data from network buffers without
de/serialization - a major cost in data-intensive systems [183]. Compute nodes send SQL
queries containing pushdown filters to the cache, which evaluates the filters and returns
matching results.

The compute server functions like any standard data analytical server. LiquidCache
provides a data connector (TableProvider) that users can easily swap in place of their exist-
ing connector. This connector serves as a bridge between object storage and LiquidCache’s
caching system. Behind the scenes, the connector determines which portions of the query
plan should run on the compute server and which should be offloaded to the cache server.
Once the data is received from the cache, it performs necessary data transformations to
convert the data into a schema that the rest of the operators expect. With disaggregated
cache, the compute server can be fully stateless and be deployed in a standard VM or a

serverless function.

4.2.2 Life of a query

SELECT “name”

WHERE “school” = “UW-Madison”
@ ) @t

“UW-Madison”

Object ® S
Store Download l LiguidCache “school” = Compute

@To Arrow

@ Cache @—'C:]\@‘@
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Figure 4.3: The life of a query in LiquidCache — Step 9 transcodes the Parquet into Liquid format in the

background, allowing efficient predicate evaluation on a cache hit.
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With a disaggregated cache, the cache server and compute server cooperate to execute a
query. As in data lake architecture [13], the catalog server sends a pair of SQL queries and
file locations (on object storage) to the compute server. A conventional compute server will
download the data from object storage and process the query on its own hardware. This
section discusses the life of a query of LiquidCache, as shown in Figure 4.3, starting from
a cold cache.

1. Get schema.

When the compute server receives a query and file location, it needs to add the file’s schema
to its catalog. While traditional systems read this directly from object storage, LiquidCache
reads the schema from the cache server. If not already cached, the cache server downloads
Parquet metadata from object storage and then returns the table schema to the compute
server.

2. Query planning.

After obtaining the schema, the compute server generates and optimizes a query plan,
pushing filter operators down to the scanning operator. LiquidCache employs standard
filter pushdown strategies without introducing new rules. As shown in Figure 4.1 and
discussed in Section 4.1.1, data decoding and decompression dominate CPU time during
filter operations, while filter evaluation takes less than 10%. Given these findings, Liquid-
Cache prioritizes optimizing decoding rather than developing complex filter strategies.

3. Split the query.

The compute server then splits the query plan into the data scanning operator and the
remaining operators. In Figure 4.3, the data scanning operator corresponds to scanning the
table with the filter "school = UW-Madison", and the compute operators correspond to
the "DISTINCT" aggregation.

LiquidCache implements optimizer rules that decide which operators should be pushed
down to the cache server, and encodes the query plan into protobuf messages and sends to
the cache server for execution.

4. Execute the query.

The cache server processes the SQL query with an embedded query engine, first checking
for liquid-encoded data in its in-memory cache. The Liquid format (Section 4.3) provides
high compression ratios and efficient predicate evaluation. If not in memory, the cache
server checks its local disk cache. As a last resort, it downloads the data from object

storage. For data not already in Liquid format, the cache server submits a background task
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to transcode it, enabling efficient predicate evaluation on subsequent cache hits. Lastly, the
cache server streams the filtered results to the compute server via Arrow Flight, processing
and sending data batches in parallel.

5. Return results.

Finally, the filtered data is streamed back to the compute server, which continues processing
the remainder of the query plan. Step 9 in Figure 4.3 shows that the cache server concur-
rently transcodes newly fetched Parquet data into Liquid format so that subsequent queries

can evaluate predicates without repeating the conversion.

4.2.3 What to push down?

Filters. The cache server evaluates filters referencing only columns from the same table
and containing no expensive UDF.

Projections. Column projection is always pushed down because it is virtually free when
scanning Parquet data.

Aggregations. LiquidCache pushes down inexpensive aggregations such as COUNT, SUM,
AVG, MIN, and MAX. Expensive operations like DISTINCT remain on the compute node to
avoid building large in-memory hash tables on the cache server.

Cost-based pushdown. Currently, LiquidCache always pushes down the operators
above, and more sophisticated cost-based policies [117, 180] are complementary and left

for future work.

4.2.4 Local mode

Pushing down non-selective filters may increase network traffic because filtered data is
transferred in an uncompressed format. LiquidCache therefore supports an optional “local
mode” in which selected tables are cached in Liquid format directly on the compute node. In
our current prototype, the user specifies which tables remain local; integrating automatic

selection based on table statistics is left for future work.

4.2.5 Cache mechanisms

Cache Parquet bytes on cache-local disk. On cache misses, the server downloads the re-
quested data range from object storage based on the query and Parquet metadata. It merges

multiple small ranges into larger ones to minimize object store requests, which are billed



42

per request rather than by volume [54]. Users can pre-populate the cache to avoid cold start
delays. When elastic storage fills up, the cache server either evicts the least recently used
files or expands storage without downtime. Disk-space management is outside the scope of
this dissertation; practical deployments can choose any caching/eviction policy, or simply
provision more elastic storage.

Cache Liquid data in memory. LiquidCache caches each column in batches of 8192
rows so that queries load only the required pieces. Entries are identified by file name,
row group, column index, and row number. A column-level LRU policy [14, 15] exploits
the common pattern that batches within a column are accessed together while different
columns are independent. Evicted batches are written to disk using a FlatBuffers-style [63]
representation to avoid future deserialization overhead.

Data caching vs. result caching. LiquidCache caches data rather than final/intermediate
query results. Caching Liquid-encoded data allows diverse filters to reuse the same cached
blocks while avoiding repeated Parquet decoding. Result caching could skip filter evalu-
ation, but would benefit only identical queries.

Handling new and deleted data. In a typical data-lake deployment [13], a catalog server
orchestrates ingest and compaction. LiquidCache caches at the granularity of columns
within a file, so when a file is removed from the catalog so is the corresponding liquid
column/file. This approach keeps the cache consistent without a complex invalidation

protocol.

4.3 Liquid Format

Efficient filter evaluation requires storing data in a format optimized for filtering opera-
tions. Simply caching Parquet data is insufficient, as it prioritizes compression ratios and
sequential scan performance over filter evaluation efficiency. Instead, LiquidCache takes
a novel approach: it caches the logical data rather than its physical representation. This
approach is realized by actively interpreting data from object storage and transcoding it

into specialized physical representations optimized for filtering operations.

4.3.1 Dilemma: Decoding speed vs. memory usage

Decoding consumes significant CPU cycles [91], while DRAM already accounts for nearly
half of data-center cost [104]. Highly compressed formats like Parquet decode slowly
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but use little memory, whereas in-memory layouts such as Arrow decode instantly but
quadruple space usage. LiquidCache resolves this tension by co-designing its encoding with
the filter evaluation process. All encodings permit independent decoding of each element
so that values that fail early filters are never materialized. Techniques such as dictionary
encoding and bit packing are combined in a cascade so that only the minimal representation

necessary for the current filter stage is produced (Section 4.3.3).

4.3.2 Liquid data representation

LiquidCache combines several state-of-the-art data encoding techniques for high compres-
sion ratios and efficient filter evaluation. These include FSST [25] for string compression,
FastLanes [1] for integer bit-packing, and standard encoding techniques like dictionary
encoding and FoR (frame-of-reference) encoding.

This subsection presents LiquidCache’s current encoding strategy. While we focus
on string and integer encodings, LiquidCache can incorporate any appropriate columnar
encoding technique that preserves independent element decodability, such as those in [91].
The system’s flexible architecture allows dynamic updates to its encoding chain as new

techniques emerge.

Symbol table
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b: Parquet
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Figure 4.4: How LiquidCache encodes string arrays — The leftmost diagram shows the Arrow string
representation, it will first be converted to dictionary encoding to eliminate the repeated strings, and
then the keys are compressed with bit-packing based on the dictionary size, finally the dictionary is
compressed with FSST encoding. Each of the intermediate representations can be used for filter evalu-

ation. The corresponding data size and transcoding time can be found in Section 4.4.7.



44

4.3.2.1 Encode strings.

LiquidCache encodes string arrays (Figure 4.4) in three cascading steps: first use dictionary
encoding to deduplicate the strings, then use bit-packing to compress the keys, and finally
use FSST encoding to compress the dictionary values.

The key array consists of unsigned integers that reference entries in the dictionary. The
bit width needed to encode these keys is determined by the dictionary size — specifically,
ceil(log_2(n)) bits where n is the number of unique strings. For example, with 10 unique
strings, each key requires ceil(log_2(10)) = 4 bits. LiquidCache leverages FastLanes [1]
encoding to efficiently bit-pack these keys using the minimal required bit width.

For dictionary value compression, LiquidCache employs FSST encoding [25], which
decomposes long strings into shorter substrings and maintains a symbol table mapping
these substrings to compact codes. FSST compression’s effectiveness heavily depends on its
symbol table’s quality — optimal compression is achieved when the symbol table is trained
on the target data. However, constructing symbol tables is expensive, and the table itself
consumes storage space, creating a trade-off between compression ratio and overhead.
LiquidCache balances this trade-off by leveraging Parquet’s structure. It builds one FSST
symbol table per column chunk using the dictionary page (typically the first page) as train-
ing data. This table is reused to compress all string arrays within that chunk, amortizing

construction cost while maintaining good compression by training on representative data.

4.3.2.2 Encode integers.

For integer encoding, LiquidCache combines Frame-of-Reference (FoR) and bit-packing
techniques. For each integer array, LiquidCache first determines the minimum and maxi-
mum values. The array is normalized by subtracting the minimum value from each element
to contain only non-negative integers. This transformation is particularly beneficial for
negative numbers in 2's complement representation. The normalized values are then bit-
packed using FastLanes encoding, similar to the dictionary key encoding described earlier,
except that the integer bit width is calculated based on the range of values (max-min) rather

than the dictionary size.
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4.3.2.3 Encode floating numbers.

For floating-point columns, LiquidCache adopts the ALP scheme [2]. When values are
whole numbers, they are converted to integers using PseudoDecimal [91]; otherwise ALP

applies vectorized compression to the significant bits.

4.3.24 Lossy encoding.

Lossy schemes [110, 134, 159] can further reduce size when applications tolerate small
errors. Because LiquidCache caches the logical equivalent of Parquet files, we currently
store only lossless encodings. Users may, however, apply lossy compression when gener-
ating the Parquet data itself.

LiquidCache encodes data at batch-size level (default to 8192). This fine-grained encod-
ing strategy enables better compression ratios, as smaller integer arrays typically exhibit
narrower value ranges requiring fewer bits for encoding. LiquidCache adapts encoding
parameters based on actual data characteristics rather than pre-defined schema-level deci-

sions, effectively decoupling logical data representation from physical storage format.

4.3.3 Co-design with filter evaluation

The guiding principle is to avoid decoding work whenever possible: (1) decode late by
applying filters before materializing data, and (2) decode light by evaluating predicates on

encoded or partially decoded values.
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4.3.3.1 Selective decoding.
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Figure 4.5: LiquidCache’s selective decoding compared to Parquet’s decoding — Parquet (left) has to
decode an entire page even if just one element is needed. LiquidCache (right) allows each element to be

decoded independently.

Filter pushdown has two stages: (1) build filter mask over predicate columns, and (2) build
output over projection columns. Selectively decoding applies the filter mask from stage 1
to selectively decode the projection columns where the corresponding bit in the filter mask
is true [158]. While selective decoding has been applied to Parquet in many systems [27,
93], its benefits are limited by Parquet’s page-based compression scheme. As illustrated in
Figure 4.5, even when the filter mask selects 3 out of 8 elements, a Parquet decoder must
decode the entire page containing all 8 elements since it cannot decode individual elements
within a page. Therefore, selective decoding only benefits Parquet in cases where entire
pages can be skipped. In contrast, LiquidCache pushes the selective decoding to its extreme,

where an element is decoded if and only if it passes the previous filters.
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4.3.3.2 Late filter materialization.
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Figure 4.6: LiquidCache’s late filter materialization compared to Parquet’s eager materialization — The
first row shows the filter evaluation process of Parquet, and the second row shows LiquidCache. With
two filter columns, Parquet eagerly materialize both columns, while LiquidCache only materializes the

first column and use the filter mask to selectively decode the second column.

Late filter materialization takes one step further by applying selective decoding to the
filter evaluation itself (i.e., stage 1). It targets scenarios with multiple chained filters across
different columns - a pattern commonly found in analytical queries. Figure 4.6 illustrates
late filter materialization in action. In the eager approach without late filter materialization
(first row), the system first decodes all filter columns, then evaluates predicates on each
column independently, and finally combines the resulting boolean masks to determine
which rows satisfy all conditions. With late filter materialization enabled (second row), the
system processes columns sequentially — it decodes the first filter column, evaluates its filter
to produce a boolean mask. Then, this mask is used to selectively decode only the qualifying
elements from the second filter column. This cascading process means each subsequent
column needs to decode progressively fewer elements as more filters are applied. Late filter
materialization reduces both decoding work and filter evaluations by processing only data
that passed previous filters.

LiquidCache leverages bit deposit operations [108] to accelerate the bit mask manipu-

lations required for late filter materialization.
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4.3.3.3 Evaluate filters on encoded data.

Filter operations can often be performed directly on encoded data, eliminating decoding
when filter evaluation is encoding-aware. LiquidCache’s string encoding preserves prop-
erties that enable these optimizations. For equality predicates on string arrays, rather
than decoding to find matches, LiquidCache can encode the search target and perform
comparisons directly on the encoded representations, significantly improving efficiency.
Since LiquidCache uses dictionary encoding as the outermost layer for string arrays, the
filter evaluation can operate solely on dictionary values, eliminating the need to decode
the values array while also reducing the number of comparisons because the value array

of the dictionary has unique values.

4.3.3.4 Evaluate filters on partially encoded data.

Not all filter operations can be evaluated on encoded data. Substring pattern matching, for
instance, requires access to the fully decoded strings. However, LiquidCache’s cascading
encoding strategy (Section 4.3.2) allows decoding to proceed only as far as necessary
for each filter type. For example, decoding stops after dictionary values are available for
substring searches, avoiding the overhead of key decoding and dictionary materialization.
For prefix matching, only the initial bytes of each string need to be decoded. In addition to
filter evaluation, LiquidCache also transmits the partially encoded data (when applicable)
over the network to reduce the network traffic.

Engineering challenges. Filter evaluation happens in the query engine, while data de-
coding occurs in format-specific readers. This separation creates a dependency challenge:
readers need knowledge of filter expressions to optimize decoding, which would need to
create reverse dependencies to the query engine (beyond the forward dependency where
query engines rely on readers). LiquidCache avoids this complexity by unifying data
representation and filter evaluation in a single layer. By embedding an extensible query
engine in the cache server, LiquidCache can optimize decoding strategies specifically for

each filter type.

4.3.4 Efficient transcoding

When LiquidCache reads Parquet files from object storage, it must transcode them into

Liquid format to leverage the abovementioned optimizations. While transcoding between
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formats incurs overhead, LiquidCache employs several techniques to make this process
efficient. This subsection examines three aspects of LiquidCache’s transcoding design: (1)
on-demand fine-grained transcoding that only converts data needed by queries, (2) back-
ground transcoding that hides conversion costs, and (3) deep integration with Parquet’s

reading pipeline to minimize overhead.

4.3.4.1 On demand fine-grained transcoding,.

Transcoding data between formats is a well-established practice, commonly seen in
ETL (Extract-Transform-Load) pipelines that transform data between formats through a
dedicated transcoding service. Traditional full-file transcoding is inefficient since, in most
analytical workloads, only a few columns are frequently accessed.

LiquidCache takes a more fine-grained approach by transcoding data on-demand at
column granularity. Only those columns are transcoded into liquid format when a query
requests specific columns. This selective transcoding is further optimized through predicate
pushdown — LiquidCache only transcodes data batches that pass filter predicates, avoiding
unnecessary work on rows that will be filtered out. While transcoding does incur an
upfront cost, it is a one-time investment that benefits all subsequent queries accessing the
same data. This aligns well with typical analytical workload patterns where queries are
highly repetitive [137], allowing the transcoding cost to be amortized across many query

executions.

4.3.4.2 Background transcoding.

Rather than blocking query processing while transcoding data from Arrow to Liquid
format, LiquidCache performs this conversion asynchronously in the background. By
scheduling transcoding during periods of lower CPU utilization, LiquidCache minimizes
impact on query performance. This background transcoding approach takes advantage of
several common patterns observed in analytical workloads.

First, query execution frequently involves compute-intensive operators like joins and
aggregations, where compute nodes spend significant time processing each batch of data
before requesting the next batch from the cache server. During these natural processing
gaps, LiquidCache can efficiently transcode data in the background without impacting

query latency.
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Second, when the cache server experiences a miss and must fetch data from object
storage, the orders-of-magnitude slower object store I/O allows the cache server to
transcode previously fetched batches while waiting for new data. This effectively hides the
transcoding cost behind unavoidable I/O latency. We will evaluate this in Section 4.4.8.

Third, analytical systems typically exhibit spiky workload patterns [137] requiring
CPU over-provisioning to handle peak loads. LiquidCache exploits these quieter periods to

perform transcoding work efficiently using otherwise idle CPU cycles.

4.3.4.3 Deep integration with Parquet reading.

In addition to the design optimizations discussed above, LiquidCache also employs several
engineering optimizations that directly optimize the transcoding process. LiquidCache
rewrites the core of the Parquet reader such that the decoding process is aware of a later
transcoding. For example, LiquidCache implements a new Arrow string representation
called StringView, which allows LiquidCache to reuse the Parquet decoding buffer as the
string buffer for the dictionary encoding, which saves multiple memory copies for large
string arrays. Our StringView implementation has been upstreamed to Parquet and is now
the default string representation for DataFusion [70, 71]. As another example, LiquidCache
reworked the Parquet decoding pipeline such that it can reuse the decompression buffer
for both predicate evaluation and building output data — saving one decompression step

for the output data.

4.3.5 Discussion

Comparison with other modern data formats. Modern file formats such as BtrBlocks [91],
LanceDB [95], Nimble [124], and Vortex [156] address some of the problems that Liquid-
Cache tries to address. These formats, like LiquidCache, combine various encodings and
compression algorithms, but require data sources to adopt their specific format, breaking
the ecosystem that Parquet took years to build. Even minor updates to Parquet itself have
historically taken years to be accepted and deployed across data systems. A complete
rewrite of the file format is likely slow to adopt and fails to capture the rapid evolution
of data systems. LiquidCache instead focuses on efficient and non-intrusive transcoding,

allowing easy adoption by existing systems.
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Ephemeral format vs persistent format. Rather than creating another fixed file format
that will eventually become outdated, LiquidCache intentionally remains ephemeral and
adaptable (hence “Liquid”), eliminating the need for a stable specification that would re-
quire agreed-upon changes in the ecosystem. This leverages the unique position of Liquid’s
data — only in the cache, and the cache server is the only producer and consumer of Liquid
data, allowing LiquidCache to freely add or remove encodings without any impact on the
rest of the ecosystem. This approach is particularly valuable given the rapid evolution of
data systems over the past decade, where new encoding/compression algorithms emerge
every year while ecosystems remain locked into an older format for compatibility reasons
[89].

4.4 Evaluation

Our evaluation answers the following questions:

« How does LiquidCache’s performance compare to state-of-the-art caching designs in
latency, network usage, CPU time, and memory usage?

« How does Liquid format compare to established formats like Arrow and Parquet?

« What overhead does Liquid transcoding introduce, and can LiquidCache mask it from
query latency?

+ How well does LiquidCache handle diverse real-world analytical workloads?

4.4.1 Implementation details

We implement LiquidCache on Apache DataFusion [93], a high-performance analytical
engine consistently ranking among top performers for Parquet workloads [94]. Our
implementation consists of approximately 22k lines of Rust code, with an additional 5k
lines contributed to upstream DataFusion, Arrow, and Parquet. LiquidCache implements
a physical optimizer rule that replaces the Parquet reader with LiquidCache’s reader,
enabling integration with existing systems [11, 67, 80, 92, 95, 165] through minimal code
changes — typically under 10 lines.
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4.4.2 Evaluation setup

We evaluate LiquidCache using ClickBench [35, 36], an industry-standard analytical bench-
mark with 15GB (100M rows) of real-world web analytics data. This benchmark includes
many short, selective queries typical of low-latency workloads. We focus on queries with
complex filter patterns and variable-length fields [138].

Table 4.1 details characteristics of our selected query subset: query ID, columns pro-
jected, data size processed, filters applied, selectivity (percentage of rows passing filters),
and data types. The queries span diverse scenarios from single-column filters to complex
multicolumn predicates, with selectivities ranging from highly selective (<0.01%) to broad
(13.2%), and data sizes from 0.2GB to 14.8GB.

Experiments run on CloudLab [51] 6525 machines with 16 cores (32 threads) x86_64,
128GB RAM and SATA SSD, using 10Gbps network to simulate typical cloud environments.
We disabled TLS encryption and used the default Arrow Flight without compression to
minimize overhead. Each query was executed five times, with results averaged across the
final three runs for warm-up. All latency measurements represent end-to-end execution
time from SQL parsing to result retrieval. Unless otherwise specified, we report Liquid-

Cache benchmarks on fully transcoded format.

ID # Cols Size #Filters Selectivity Data Types
Q10 2 0.3 GB 1 2.0%  String, Int
Q19 1 0.2GB 1 <0.01% Int

Q20 0 (opt.) 2.7 GB 1 <0.01%  String

Q21 2 3.0GB 2 <0.01%  String, Int
Q22 4 5.7 GB 3 0.02%  String, Int
Q23 104 14.8GB 1 <0.01%  String, Int
Q31 5 1.5 GB 1 13.2%  String, Int

Table 4.1: Characteristics of selected ClickBench queries — Each query is described by its ID, number
of columns projected, total data size processed, number of filters applied, selectivity (percentage of
rows that pass the filters), and the data types involved. Q20 originally projects all 104 columns but is

optimized to a simple count after projection and aggregation pushdown.
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4.4.3 Baseline implementations

We implement three representative baselines matching the disaggregated caching topology
of Figure 2.2, representing key industry approaches: file serving, Parquet filter pushdown,
and Arrow filter pushdown.

LiquidCache: Our proposed cache system combines Parquet’s memory efficiency with
Arrow’s performance through its novel Liquid encoding format, transcoding data on-the-
fly to a representation tailored for filter evaluation.

Arrow (pushdown): A filter pushdown cache storing data in Arrow format rather than
Parquet, eliminating Parquet decoding overhead. It uses embedded DataFusion for filter
evaluation, providing fast data access at a higher memory cost.

Parquet (pushdown): A filter pushdown cache evaluating predicates directly on cached
Parquet files before network transfer. Like Arrow (pushdown), it uses embedded DataFu-
sion for filter evaluation, transferring matching records to the compute engine via Arrow
Flight. While reducing memory usage significantly, it incurs CPU overhead from filter
pushdown on Parquet.

Parquet (file server): The simplest disaggregated caching form, serving Parquet files
directly from a static file server in the same cluster. This widely adopted approach requires
only a basic HTTP server with range request support. Despite easy deployment, it lacks
filter pushdown capabilities, necessitating full-column chunk transfers regardless of query
selectivity.

Other approaches exist between Arrow (pushdown) and Parquet (pushdown), such as
pushdown systems caching uncompressed (or lightly compressed) Parquet data [13]. We do
not evaluate these separately: by construction they trade memory for compute somewhere
between the two extremes, so their results would fall between the Arrow (pushdown) and
Parquet (pushdown) data points we already report and would add no qualitative insight

beyond the bracket those two baselines establish.
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4.4.4 Overall results

Our first experiment (Figure 4.7) compares LiquidCache with the baselines on four impor-
tant metrics: latency, network traffic, cache CPU time, and cache memory usage. The x-axis
shows the query id as described in Table 4.1, and the y-axis shows the corresponding

metrics; lower is better.

4.4.4.1 Latency

Figure 4.7(a) shows Arrow (pushdown) and LiquidCache perform similarly, both signifi-
cantly outperforming Parquet (pushdown) and Parquet (file server). Parquet (file server)
consistently shows worst performance, with latencies up to 13 seconds. Parquet (push-
down) performs better but still reaches 2 seconds, while LiquidCache and Arrow
(pushdown) never exceed 0.5 seconds. LiquidCache achieves latency comparable to Arrow
(pushdown) on most queries but shows higher latency on Q20 and Q23, which involve
filters on large string columns requiring LiquidCache to decode data before applying filters,

while Arrow (pushdown) applies filters directly on in-memory Arrow data.

4.4.4.2 Network traffic

Figure 4.7(b) shows corresponding network traffic on a logarithmic scale (lower is better).

The three pushdown-enabled systems (LiquidCache, Arrow (pushdown), and Parquet
(pushdown)) exhibit similar network traffic patterns since they transfer only records
matching filter predicates. LiquidCache achieves slightly lower traffic by transferring par-
tially-encoded data (e.g., dictionary-encoded Arrow) over the network. In contrast, Parquet
(file server) transfers orders of magnitude more data by sending entire unfiltered Parquet
chunks. This gap is particularly pronounced for highly selective queries (Q19-Q23), where
pushdown systems transfer only small fractions of records. The difference narrows for
less selective queries (Q10, Q31), where most data passes filters. Excessive network traffic
saturates bandwidth and incurs substantial CPU overhead in cache and compute nodes’

network stacks for packet processing.



56

4.4.4.3 CPU time on cache server

Cache servers with limited CPU power struggle with computationally intensive Parquet
decoding, as noted in Section 4.1.1. We instrumented our implementation to measure CPU
time consumed by pushdown operations, including decompression/decoding and filter/
aggregation evaluation.

Figure 4.7(c) compares the total CPU core time consumed by each system on the cache
server. Parquet (pushdown) spends significantly more CPU time than other baselines since
it must fully decode Parquet data on the cache server. In contrast, Parquet (file server)
uses minimal CPU, simply serving files without processing. Among pushdown-supporting
systems, Arrow (pushdown) is most efficient since it operates directly on in-memory data
without decoding. LiquidCache achieves comparable CPU efficiency to Arrow (pushdown)
despite working with compressed data. This efficiency stems from Liquid’s faster decoding
scheme (Figure 4.10) and LiquidCache’s ability to skip unnecessary decoding through tight
filter pushdown integration (Figure 4.13).

4.4.44 Cache memory consumption

For fair comparison, each experiment begins with an empty cache and reports memory
used for caching, excluding runtime data structures.

As shown in Figure 4.7(d), Arrow (pushdown) has the highest memory usage, while
LiquidCache maintains a memory footprint comparable to Parquet. For Query 23 alone,
Arrow consumes more than 30 GB of cache memory. Parquet variants (pushdown and file
server) show identical memory usage as they cache the same compressed Parquet data.
LiquidCache achieves comparable or better memory efficiency than Parquet, thanks to its
advanced cascading encoding scheme. Despite its high compression ratio, LiquidCache
preserves random access capabilities to individual data elements, as demonstrated in

Figure 4.10.

4.4.5 TPC-H results

Although LiquidCache targets short, selective queries, we also benchmark TPC-H to evalu-
ate larger-than-memory workloads. We run the scan-heavy queries (Q4,6,11,12,14,15,16,20)
at scale factor 100, totaling 100 GB data, with only 24GB max system memory, including
8GB cache and 16GB for runtime data structures (e.g., join hash tables). We additionally
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compare to Apache ORC [10]. Converting the dataset using the same Snappy compression
yields a slightly better ratio for ORC (32%) than Parquet (34%), confirming prior observa-
tions [111, 184].

24s 34s 65s
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B Parquet
mmm ORC
E Arrow

Q4 Q6 Q1 Q12 Q14 Q15 Q16 Q20
Data size: 8.6GB 22.7GB 3.2GB 204GB  25.7GB  41.7GB 2.3GB 23.1GB
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Figure 4.8: TPC-H SF100 (100GB data) with 8GB cache. Data size indicates query scan size, excluding
runtime structures. Arrow is best when data fits in cache and worst otherwise. Parquet outperforms
ORC due to better query engine integration. Liquid consistently delivers the best performance when the

input does not fit in the cache.

Figure 4.8 shows the TPC-H SF100 results benchmarked with 8GB data cache, the y-
axis shows the query latency, and data sizes indicate the corresponding query’s data size,
excluding runtime structures. Queries have varying data sizes, from 2.3GB to 41.7GB.
When the data size fits in cache, Arrow performs the best (similar to Liquid) and performs
the worst otherwise. Although Parquet and ORC have similar compression ratio, Parquet
generally outperforms ORC by a large margin due to its better query engine integration
— both DataFusion and DuckDB best support Parquet while the former has minimal ORC
support and the latter has no ORC support - highlighting the importance of query engine
and data format co-design. Liquid consistently performs the best, thanks to its efficient
encoding that reduces data size and filter-aware decoding that skips unnecessary decoding
and file reads.

These results highlight a key limitation of Arrow (pushdown) for disaggregated
caching: its substantial memory requirements make it prohibitively expensive to deploy
at scale on cache servers. In contrast, LiquidCache’s memory footprint closely matches
Parquet’s efficiency while providing efficient filter evaluation, enabling a practical transi-

tion from Parquet-based to Liquid-based caching without increasing memory costs.
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4.4.6 Decoding revisited

Parquet
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Figure 4.9: Decomposed CPU time spent on cache server for ClickBench Q22. LiquidCache spends similar
total time as Arrow (pushdown), but primarily on decoding compressed data, while Arrow (pushdown)

suffers from memory stalls due to scanning 4x more uncompressed data.

We revisit LiquidCache’s decoding time and how it compares to the theoretical optimal. We
sampled the cache server execution and categorized time into: filter evaluation, decoding,
and memory stall. Filter evaluation represents the useful time spent evaluating the filter.
Decoding is the time spent converting data to Arrow format for vectorized execution.
Memory stall is time spent waiting for data to be ready for CPU execution, including cache
misses, memory allocation/copying for filtering, etc.

As shown in Figure 4.9, LiquidCache significantly reduces overall CPU time from 27s
to 2.7s, reaching a similar overall time as Arrow (pushdown). While LiquidCache and
Arrow (pushdown) spend comparable total execution time, they exhibit markedly different
performance characteristics. LiquidCache dedicates most processing time to efficiently
decoding compressed data. Thanks to its filter-pushdown co-design (Section 4.4.9), it only
decodes the subset of data that passes filters. In contrast, Arrow (pushdown) experiences
significant memory stalls due to operating on uncompressed data that is 4x larger. Both
systems achieve similar filter evaluation times, approaching the theoretical optimum -
which would evaluate all filters directly on encoded data, eliminating decoding overhead

while maintaining a compact memory footprint.
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4.4.7 Transcoding cost
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Figure 4.10: Memory usage and transcoding cost of “Title” column of the ClickBench — the largest
column in the dataset. The bar height indicates the encoded data size, arrows denote transcoding time.

Parquet only allows page-level access, while the rest of the encodings permit random element access.

Instead of requiring all data sources to produce Liquid-encoded data, LiquidCache progres-
sively transcodes upstream Parquet data into Liquid on the fly, facilitating integration into
existing systems. This section analyzes direct transcoding costs among Liquid’s different
data representations, then demonstrates how LiquidCache effectively hides these costs
from the critical query execution path through background processing.

Figure 4.10 presents a detailed analysis using the “Title” column from ClickBench -
the dataset’s largest column. The figure shows memory consumption (y-axis) for different
encoding formats (x-axis), with arrows indicating transcoding times between formats.
While Parquet restricts access to page-level granularity, all other encodings support
random access to individual elements. Our evaluation reveals several key findings:

« Liquid’s fully encoded format achieves compression ratios comparable to Parquet while
preserving random access capabilities

« Encoding Liquid takes similar time as encoding Parquet, but decoding Liquid is over 2x
faster than decoding Parquet.

« Dictionary encoding provides significant compression (>2x), matching the compression
gains from Liquid (BitPacking) to full Liquid, but with 4x longer encoding time

« BitPacking provides a further 6% compression and encodes more than 300x faster than

dictionary encoding
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Figure 4.11: LiquidCache’s latency and memory usage on Q21 — LiquidCache gradually transcodes

Arrow into Liquid in background, avoiding latency spikes on the critical path of query processing.

We analyze how LiquidCache handles transcoding costs during query execution using Q21
from ClickBench as a case study. This query contains multiple complex filters and demon-
strates typical transcoding patterns observed across other queries. We restrict background
processing to only four threads to simulate realistic cache server conditions with limited
CPU resources. Real systems can use all idle cores for transcoding when under-loaded — a
typical pattern in cloud analytical systems [137].

Figure 4.11 illustrates the relationship between transcoding progress, memory usage,
and query latency for both LiquidCache and Arrow (pushdown). The x-axis represents time
elapsed since transcoding begins, while the left and right y-axes show memory consump-
tion and query latency, respectively. The shaded area represents the difference between
LiquidCache and Arrow (pushdown).

On cache misses, LiquidCache first decodes Parquet data into Arrow format, then
queues Arrow-to-Liquid transcoding as a background task while immediately proceeding
with query execution. As background transcoding progresses, memory usage steadily de-
creases, achieving a 4x reduction compared to Arrow format, while query latency increases
by only 20%. As discussed in Section 4.3.4, LiquidCache’s design ensures transcoding never
blocks the critical query execution path, as queries can operate on any intermediate data
without waiting for transcoding to complete. The near-identical initial query performance

between LiquidCache and Arrow (pushdown) confirms this non-blocking behavior.
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4.4.8 Cold run latency

We analyze how LiquidCache’s transcoding process affects query latency, particularly
during initial execution when transcoding occurs concurrently with query processing.

Figure 4.12 compares execution latency between LiquidCache and baseline Parquet
across different storage devices. The left region displays cold run latency, while the right
shows stabilized warm run latency. Storage devices range from remote (S3-far: cross-
continent us-west to eu-central) to local (Memory: kernel page cache). Intermediate options
include S3/S3-express (nearest region: Nevada to Oregon), MinlO (same cluster), and SSD
(locally attached storage). The y-axis shows latency with a horizontal line indicating
transcoding time. LiquidCache(blocking) disables background transcoding, sequentially
processing one batch at a time.

For slow storage (non-memory devices), execution is I0-bounded, allowing Liquid-
Cache to overlap IO stalls with CPU-intensive transcoding. Transcoding time remains
negligible compared to IO time, sometimes even smaller than network variance. With
background transcoding, LiquidCache achieves near-identical latency to direct Parquet
reads.

Transcoding overhead becomes visible when storage throughput exceeds transcoding
throughput. Reading from the kernel page cache shows transcoding time exceeding total
execution time. However, for typical LiquidCache deployments with network-attached

storage, IO time dominates transcoding overhead and wastes otherwise idling CPU.
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Figure 4.12: Impact of transcoding overhead. Baseline Parquet reads directly from files. Liquid-
Cache(blocking) converts one batch at a time, whereas LiquidCache overlaps transcoding with I/O.
Storage devices: S3-far (cross-continent), S3/S3-express (nearest region), MinlO (same cluster), SSD
(local), Memory (page cache).
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Figure 4.13: Ablation study of LiquidCache’s decoding optimizations vs Parquet (pushdown) as the

baseline.

We analyze how each decoding optimization described in Section 4.3.3 contributes to
overall performance. Using the same setup, we selectively enable optimizations one at a
time to measure their impact.

“Liquid fully decoded” decodes entire arrays into Arrow format even when accessing
single elements - a coarser granularity than Parquet’s page-level decoding (Figure 4.13).

It outperforms Parquet (pushdown) on single-filter queries like Q20, where full-column
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decoding is necessary because Liquid data decodes faster than Parquet (Figure 4.10).
Selective decoding provides significant benefits when constructing output data using filter
evaluation masks to decode only relevant data. This is particularly effective for queries with
selective filters (e.g., Q21, Q23). However, even for selective queries like Q22, it sees limited
benefit as they are bottlenecked by the filter evaluation phase, highlighting the importance

of late filter materialization.

Parquet (push- Full decode +Selective de- +Late material. +Eval on en-

down) code coded

34.1s 19.3s 13.1s (-32%) 5.0s (-61%) 0.4s(-91%)

Table 4.2: Ablation study based on a variation of Q22. Eval on encoded data shows more than 98%

improvement over baseline Parquet (pushdown).

Filtering directly on encoded data requires filter expressions to be compatible with the
encoding scheme (e.g., equality filters on strings). While this optimization shows modest
benefits in our evaluation, we demonstrate its potential impact through an additional
experiment on a variation of Q22 with compatible predicates on large columns. As shown
in Table 4.2, this achieves an 11x improvement over late filter materialization alone,

suggesting significant performance gains when applying this technique to larger columns.

Operation Lat (ms) Operation Lat (ms)
1. A = Madison 5909 6. B = Madison 5648
2. A =Utah 10 7. Alike %Utah% & B != Utah 266
3. A > Madison 236 8. A =Utah 20
4. Flush cache to disk 9. Delete cache

5. A !=Utah 374 10. A = Utah | B = Madison 10910

Table 4.3: LiquidCache latency following different operations. Operations are executed in the order of
the table. The bolded filters can not be evaluated on encoded data and must be decoded first.

4.4.10 Cache dynamics

We evaluate LiquidCache’s cache reuse behavior across different filter patterns and cache
management operations. Using a synthetic workload with identical string columns A and

B, we measure latency from a cold cache with data stored on a local SSD.
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Table 4.3 demonstrates LiquidCache’s cache behavior across different operations.
Operation 1 represents a cache miss requiring SSD data loading and Liquid transcoding.
Operation 2 hits cache despite different filters, enabling encoded data evaluation without
decoding. Operation 3 introduces a new filter type requiring prior decoding. After disk
flush, operation 5 loads data in Liquid format, allowing encoded evaluation. Operation 6
loads a new column with latency similar to operation 1. Operation 10 loads and transcodes
both columns A and B following their deletion.

LiquidCache only transcodes once, and all filter operations can be applied on the
transcoded data with efficient filter evaluation. New data can be loaded to the cache, and

old transcoded data can be flushed to disk without losing the transcoding progress.

4.4.11 Cases for non-pushdown

Pushdown transfers filtered but uncompressed data over the network, which can exceed
the compressed unfiltered data size when filters are non-selective. Theoretically, pushdown
benefits require filter selectivity below the data compression ratio. While this condition
typically holds, some workloads violate it. ClickBench Q27 demonstrates this case with 99%
filter selectivity and 31% compression ratio, where LiquidCache performs 3x slower than
Parquet (file server). Adaptive pushdown could address this by dynamically deciding filter

pushdown based on cardinality estimation, which we leave for future work.

4.5 Related work

A consolidated discussion of related work across all three contributions of this dissertation
appears in Chapter 8. Threads especially relevant to LiquidCache include pushdown and
semantic caching (Section 8.2), where LiquidCache differs from FlexPushdownDB and
Fusion by attacking the decoding cost that makes dynamic placement necessary; data rep-
resentation and encoding (Section 8.3), where LiquidCache adopts modern encodings inside
the cache without asking the ecosystem to replace Parquet; and resource disaggregation
(Section 8.4), where LiquidCache achieves logical disaggregation in software rather than

the physical disaggregation requiring specialized RDMA or CXL hardware.
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4.6 Future work

LiquidCache addresses one of three opacity axes. Some of the directions it leaves open are

taken up by the next two chapters; others remain genuinely open.

The most pressing limitation is cache memory management. LiquidCache uses simple
LRU at the granularity of a transcoded Liquid array, but our profiling shows that most
cached bytes — up to 98% under Belady-optimal replacement [21] — are never read by the
queries that warmed them. This is a content-axis problem rather than a representation-axis
one, and the next chapter (Chapter 5) attacks it directly with the SqueezeCache eviction and
partial-retention mechanism. A related limitation is disk-tier I/O efficiency: LiquidCache’s
overflow-to-disk path relies on conventional file-per-batch storage and the kernel page
cache, both of which become bottlenecks under modern NVMe. Chapter 6 addresses this
with a granularity-aware storage engine that decouples in-memory caching from on-disk
pages.

Three further directions remain genuinely open:

+ Substrait query plans. LiquidCache currently relies on DataFusion’s internal plan
format. Supporting Substrait [160] would allow Spark and DuckDB to share the same
cache.

+ Joins and sideways information passing. Beyond projection, filtering, and simple
aggregation, future versions could push joins or sideways information passing into the
cache to reduce traffic further.

« Adaptive pushdown. Pushdown can increase network traffic for non-selective predi-
cates (Section 4.4.11); a cost-based policy could choose at runtime whether to push, using

cardinality estimates from the optimizer.

4.7 Conclusion

This chapter presented LiquidCache, the first contribution of this dissertation and its attack
on the representation axis of White-Box caching. The key observation is that data decoding
— not filter evaluation - is the bottleneck in pushdown systems on Parquet; the response is
to transparently transcode Parquet into Liquid, an in-cache format whose cascading encod-
ings let the cache evaluate predicates against whichever layer is most efficient. Because

Liquid lives only inside the cache, the rest of the ecosystem continues to see Parquet, and
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the cache is free to evolve its encodings without coordinating with anyone. Evaluation
on ClickBench and TPC-H showed up to 10x lower cache CPU than Parquet pushdown
and two orders of magnitude lower network traffic than file-serving caches, while keeping
memory consumption comparable to compressed Parquet — exhausting much of the value
the representation axis alone can provide.

The next chapter takes up where this one stops, attacking the second opacity axis:
content. Even with LiquidCache’s adaptive encoding, the cache still holds every byte of
every cached column, when queries often need only a fraction of those bytes. SqueezeCache
(Chapter 5) breaks the binary keep-or-evict decision into a spectrum of partial-retention

states and uses lineage analysis to decide which fragments of each column to keep.
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Chapter 5

SqueezeCache:
Curating Cache Content
Through Lineage

This chapter attacks the second of the three opacity axes from the introduction: content. The
previous chapter showed that a cache that takes control of its own representation can decode
and filter cached bytes an order of magnitude faster than a conventional Parquet-on-disk
cache. What that work did not change is the cache’s contents: LiquidCache (Chapter 4) still
stores every byte of every cached column, in the encoded form that some future predicate
might require. For workloads dominated by selective filters, that conservative choice leaves
enormous capacity on the table — most of the bytes a cache holds are never read by the
queries that brought them into memory.

Our profiling of pushdown caches on real-world workloads makes the gap concrete.
Across ClickBench queries on a LiquidCache deployment, up to 98% of cached bytes are
never accessed — even under Belady’s [21] optimal replacement policy, which gives the
cache perfect foresight about which entries to evict. The problem is not which entries the
cache holds but how much of each entry it holds. Figure 5.1 illustrates this with ClickBench
Q25: the CPU consumes only 0.03 GB of information to answer the query, while the OS
page cache holds 1.7 GB of raw data, and even an application-managed compressed cache
holds 0.5 GB. The cache is operating at the granularity of whole columns, when the query
operates at the granularity of fragments — a string prefix, a fingerprint, a single component

of a datetime, one path through a JSON value.
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Figure 5.1: SqueezeCache caches data by how it is used, not just how frequently it is accessed, closing

the gap between cached data size and utilized data size. Numbers shown for ClickBench Q25.

The natural response — pre-shred each column into smaller sub-columns at write time —
has two well-known drawbacks. It requires a full-stack rewrite from file format through
memory layout to query operator, slowing adoption to the same pace that has hobbled
the Parquet-replacement formats discussed in Chapter 4. And it fixes the shredding at
write time, well before the optimizer knows what fragments any future query will need.
A datetime pre-shredded into year, month, and day costs more memory than the original
when the query asks for day-of-week; a JSON shredded for one field is wasted memory
when the next query wants another.

SqueezeCache takes a different approach: it moves the layout transformation into the
cache layer, where it can be both dynamic and workload-aware. The cache squeezes each
wide column at runtime into a compact subset of the original values - a string prefix, a
32-bit fingerprint, an extracted day-of-week, a shredded JSON sub-field - small enough to
fit in memory but rich enough to answer the predicates the workload is actually running.
Squeezing is lossy by design: when a future query needs information the squeezed entry
no longer retains, SqueezeCache reads the missing bytes from disk and re-hydrates the
column. Both drawbacks of pre-shredding disappear: the on-disk file format is untouched,
and the squeeze decision is made when the query plan is known.

Squeezing requires a holistic design across the system to unlock. We summarize three
challenges. First, the cached representation must be squeezable for each datatype: given
the operator pushed down, the format must transform the data to save memory while still
answering the predicate. Second, the squeezed data must be evaluable: the predicate must

run on the partial representation, falling back to full data only when essential. Third, the
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cache must decide how much to squeeze each entry - a richer choice than the binary keep-
or-evict decision of conventional cache policy.

SqueezeCache addresses these three challenges with three corresponding mechanisms.
Squeezable Data Layouts (Section 5.3) for common datatypes (strings, integers, decimals,
floats, datetimes, JSON variants) structurally decompose each datatype to allow partial
retention. Lineage Pushdown (Section 5.4) extracts the per-column usage pattern from the
query plan and communicates it to the cache through schema metadata, without coupling
the two systems. A Multi-State Squeeze Policy (Section 5.5) treats data fidelity as a spectrum,
transitioning each cached entry through uncompressed, compressed, squeezed, and evicted
states based on memory pressure and observed access patterns.

We implemented SqueezeCache as an extension to LiquidCache and evaluated it on
ClickBench and JSONBench. SqueezeCache improves cache hit ratios by up to 2x over a
compression-only baseline (4x over an uncompressed cache), reduces end-to-end query
latency by up to 2x (22x over uncompressed), and cuts I/O by up to 8x (12x over uncom-
pressed) in memory-constrained environments. SqueezeCache is now the default eviction
mechanism in the open-source LiquidCache project.

The contributions of this chapter are:

1. Squeezable data layouts for strings, integers, decimals, floats, datetimes, and JSON
variants that admit predicate evaluation on partial data (Section 5.3).

2. Lineage pushdown, an optimizer-to-cache communication mechanism that extracts the
per-column squeeze target from the query plan (Section 5.4).

3. A multi-state squeeze policy that generalizes eviction from a binary decision to a fidelity
spectrum (Section 5.5).

4. An empirical evaluation on ClickBench and JSONBench that quantifies the contribution
of each mechanism (Section 5.6).

The chapter is organized as follows. We first give the SqueezeCache-specific background -

the nature of string workloads that motivate the content-axis framing and the relationship

to semantic caches (Section 5.1) — and then step through the SqueezeCache mechanisms

(overview in Section 5.2, then squeezable layouts, lineage pushdown, and squeeze policy),

the evaluation (Section 5.6), related work, and a transition to the next chapter.
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5.1 Background

Chapter 2 introduced the foundations SqueezeCache builds on: data lives in Parquet
on object storage; caches sit between compute and storage in a disaggregated topology
(Figure 2.2); queries flow through scan, decode, and execute stages (Figure 2.1); and conven-
tional eviction policies — LRU-K [131], ARC [122], 2Q [82], S3-FIFO [177], SIEVE [189], GL-
Cache [176], Baleen [174] — all treat their cached units as opaque, undifferentiated blocks.
Chapter 3 developed the design vocabulary - the reference architecture, the information-
flow channels (schema metadata, pushdown, access traces), and the fidelity spectrum — on
which SqueezeCache instantiates the content axis. Chapter 4 added the immediate host
environment: LiquidCache, a disaggregated pushdown cache that transcodes Parquet into a
query-friendly format and exposes the lineage-aware hooks SqueezeCache uses to intercept
eviction and inspect column usage. This section adds the two pieces of background none
of those chapters cover: the byte-level properties of real-world strings — the data type most
responsible for the content-axis gap — and the relationship to the family of semantic caching

mechanisms that also try to cache less than full data.

5.1.1 The nature of strings in real-world data

The data type most responsible for the content-axis gap is strings. Real-world analytical
workloads are saturated with them — URLs, search phrases, page titles, JSON payloads,
user identifiers, log lines. ClickBench, drawn from production web analytics [35], contains
roughly 40 string columns out of 105 total, and the largest single column (Title) accounts for
over half of the dataset’s on-disk size [138]. JSONBench [37], a more recent benchmark over
public-Bluesky social-network events, takes this further: every record is a deeply nested
JSON value where a typical query references only one or two paths. These workloads
expose three properties of strings that conventional columnar caching machinery handles
awkwardly.

Strings are variable-length, and often long. Unlike fixed-width numeric columns,
strings carry the cost of length-prefix metadata, offset tables, and inline-versus-indirect
storage decisions. In ClickBench, the URL and Title columns have median lengths in the
dozens of bytes but maximums in the kilobytes; the long tail forces caches to provision for

worst-case storage even when the typical entry is small.
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Most string operations need only a fragment of each value. Empirically, equality
and prefix predicates dominate string filter workloads, followed by length checks and
substring (LIKE) matches. Equality and prefix can be decided from the first few bytes;
length needs only metadata; substring can be quickly pruned by a small fingerprint [157]
that summarizes which bytes appear in the string. Even when the predicate semantically
requires the full string, the fraction of strings that survive prior filters and require full
materialization is typically small - a few percent of the column.

The byte-level layouts the industry has converged on already exploit this.
Umbra-style and Arrow StringView layouts inline a short prefix in a fixed-size header
so that the most common predicates — equality on short keys, length comparisons — can
be decided without dereferencing the variable-length buffer. FSST [25] trains a byte-level
symbol table per column so that decompressing a single value is cheap, allowing the
variable-length buffer to be held compressed. SqueezeCache builds on both: under memory
pressure, it retains only the StringView header and a small substring-fingerprint bit array,
dropping the FSST-compressed buffer to disk entirely and reading it back only when a
predicate requires full materialization.

These three properties explain why the cache-utilization gap is widest on strings, and
why the squeezable string layout introduced in Section 5.3.1 is the most aggressive layout
in the chapter. The same principles — decompose so that common predicates can be answered
from a fragment — carry over to integers (where most filters need only a few bits of
precision), datetimes (where most queries extract a single component), and JSON variants
(where most queries reference a handful of paths). The rest of the chapter generalizes the

string analysis to these other types.

5.1.2 Relationship to semantic-cache mechanisms

Semantic caches exploit query structure to cache fragments rather than full data. Result
caches store the literal output of past queries and serve only exact repeats. Materialized
views store the output of named sub-queries; they require user or system declaration and
are limited to the views the operator chose to maintain. Predicate caches [142] record which
row ranges have satisfied past predicates, accelerating subsequent scans with the same
predicate. Time-series-specific caches such as STsCache [87, 105] and TSCache [112] push

the idea further by exploiting properties unique to time-series workloads.
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SqueezeCache differs from all of these along two axes. First, it works at the granularity
of cached column data rather than cached results, so a squeezed entry is reusable across
queries that share the column but not the predicate — the common case in analytical work-
loads. Second, it treats lineage as a continuous variable rather than a binary one: instead
of choosing between “cache the result” and “cache nothing”, a squeeze policy picks how
much of each column to retain along the fidelity spectrum, with the choice driven by the
lineage analysis in Section 5.4. Predicate caching can be viewed as a degenerate special
case of squeezing where the squeezed representation is a single bitmask; the framework in

this chapter generalizes this to lossy data formats for each datatype.

5.2 Overview

The core insight of SqueezeCache is that caching effectiveness should be driven by how
data is used, not just how frequently it is accessed. By analyzing query patterns, a cache
can transform data into compact, lossy representations—“squeezing” it—to retain only the
essential information needed for query processing. To illustrate, consider a (stackoverflow)
query counting posts mentioning “Rust”, grouped by day of the week:
“sql
SELECT EXTRACT(DOW FROM Date) AS day of week, COUNT(*)
FROM table WHERE Title LIKE "
GROUP BY day of week;

Conventionally, a cache stores the full Date (64-bit integer) and Title (string). How-
ever, the query only requires the day-of-week (3 bits) and a substring match on the title.
Storing the full data wastes most of memory. SqueezeCache addresses this inefficiency

through three fundamental components, as shown in Figure 5.2.
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Figure 5.2: Overview of SqueezeCache. It has three core components: squeezable data layouts, lineage

pushdown, and squeeze policy.

1. Squeezable Data Layouts (Section 5.3).

The foundation of SqueezeCache is the ability to store data in lossy, query-efficient formats,
in addition to the standard lossless compression. Instead of opaque blocks, we design data
layouts that allow partial retention. For example, Date can be squeezed to just the day-
of-week, and Title can be squeezed to a membership fingerprint. The main challenge is
designing these layouts to be compact enough to save significant memory while remaining
expressive enough to answer common predicates without accessing the full data.

2. Lineage Pushdown (Section 5.4).

To decide what to squeeze, the cache must understand query intent. SqueezeCache employs
Lineage Pushdown to bridge the semantic gap between the query engine and the cache. By
analyzing the column lineage (e.g., Date EXTRACT (DOW)), the system identifies the minimal
subset of information required. The challenge lies in extracting this information from
complex query plans with low overhead and communicating it to the cache without tightly
coupling the systems.

3. Squeeze Policy (Section 5.5).

Finally, the system must decide when and how much to squeeze. Squeezing is not a binary
decision but a spectrum. SqueezeCache introduces a policy that manages the lifecycle of
cached entries, transitioning them through multiple states—from fully uncompressed, to
losslessly compressed, to lossy “squeezed” representations, and finally to eviction. The
challenge is to balance the trade-offs between memory pressure, CPU cost for transforma-
tion, and the potential I/O cost of retrieving full data when the squeezed representation is

insufficient.
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5.3 Squeezable Data Layouts

We define Squeezing as the general process of transforming in-memory data into more
compact forms to free up space, ranging from lossless compression to lossy partial
retention, and ultimately to disk eviction. While lossless compression is essential, it is
a well-studied topic and is handled in prior systems like LiquidCache [72], BtrBlocks
[91], and FastLanes [1] using cascading encoding. In this section, we focus on the novel
contribution of SqueezeCache: Partial Eviction. Partial eviction creates lossy, memory-
efficient representations that retain just enough information to answer common query
predicates. Different data types and workloads require different partial eviction strategies.

The following subsections show how these approaches apply to each data type.

5.3.1 Squeezing Strings

NULLs Keys Optional
1] ‘ 1 ‘ Prefix-Len
1 5 [ OW-tiadi oE Squeeze to drop
l 0 ApaChe, 6 Offsets Compressed data
1 2 Operati 255
1| 2 . ;i ......
%-: i} Fingerprints 31 ',fi'jr;-;\_,,,,,.',.j'f'ff';'::;
it 01011010.. 97 L..SQ21sA ...
E 00001110. . L
0’ P3 11111010..
3 | 00000000. .

Figure 5.3: Overview of string layout. The byte-view of the string is similar to previous work, where
each string has a header (which encodes string length, offset to the buffer, and a prefix), and a string

buffer which contains the actual string data.

String workloads are dominated by comparisons (95%) and substring searches (5%). Since
comparisons are often resolved by length or the first few bytes, SqueezeCache adopts a
split representation similar to Umbra and Arrow’s StringView: a fixed-size header inlines
a short prefix and metadata (length, offset), while the full string resides in a separate buffer.
Figure 5.3 shows the memory layout of our squeezeable string. It has a null array (one bit

per string) to indicate which strings are null (note null strings are not empty strings). By
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default, all strings are dictionary encoded (we follow the same convention as Parquet). It
then has a key array, which is a 16-bit unsigned integer array that stores dictionary keys.
The actual string data is then compressed using FSST [25]. We store an additional offset
array (4 bytes per unique string) to help locate the strings we need to decompress (selective

decompression).

5.3.1.1 Droppable string buffer.

Prior work inlines a prefix in the header, arguing that prefixes matter most. We take
this further: under memory pressure, we drop the compressed string buffer from memory
entirely. When a full string is needed (e.g., the prefix is insufficient or the query projects
the full value), we read the corresponding byte range from disk, locate the offset via the
string index, and decompress only the required string. FSST’s fast random access makes
this practical. Since offsets and the compressed buffer dominate string storage, dropping

the buffer frees significant memory and allows more strings to remain cached.

5.3.1.2 Single string buffer.

Our string layout uses a single buffer rather than multiple buffers as in some prior designs.
This saves 4 bytes per string by eliminating per-string buffer tracking. Fine-grained caching

(typically 8K rows per batch) makes a single buffer practical.

5.3.1.3 Optimistic string length.

We use 1 byte to encode string length instead of the standard 4 bytes. Value 255 serves as
a sentinel indicating the string exceeds 255 bytes, triggering a disk read or decompression
for the full length. Prior studies show over 99% of real-world strings are shorter than 255

bytes, so this saves 3 bytes per string with negligible performance impact.

5.3.1.4 String fingerprint.

String fingerprints [157] accelerate substring search by hashing each 1-gram into buckets,
producing a bit array encoding which characters may appear. Fingerprints quickly rule out

strings that cannot contain the search needle. More buckets reduce false positives at higher
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storage cost; advanced hash functions can further reduce collisions. SqueezeCache uses 32

buckets with round-robin assignment by default.

5.3.1.5 Optional prefix and fingerprint.

Both prefix and fingerprint have storage costs. If lineage analysis (Section 5.4.1) or admin-
istrator configuration indicates a column is never used for substring matching, we skip the
fingerprint; similarly for prefixes. These components act as optional lightweight indexes—

dropping them does not affect correctness.

5.3.2 Squeezing Integers

LB E sk ([ mpeh i EFEREEE
LD EEEEEEEEERR] PEREREEFREEEEEET]
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Figure 5.4: Overview of squeezable integer. Integers can be squeezed by quantizing (left) or clamping

(right) to a fixed range. Squeezed integers are smaller but can still answer many filters.

Integers are the second most frequent data type. When used in predicates (typically
comparisons), full precision is often unnecessary. For example, comparing a sensor ID
rarely requires all 64 bits. Squeezing reduces precision; more squeezing saves memory but
increases ambiguity (requiring disk reads).

Figure 5.4 shows two modes of integer squeezing in SqueezeCache: (1) quantization
(left), and (2) clamping (right). We borrow the idea of quantization from machine learning
and quantize integers to lower precision before fully evicting them to disk. In the example
in Figure 5.4, the 16 values (4 bits per value) are quantized into 4 buckets (2 bits per
value), cutting memory usage by half. When evaluating a predicate, we first quantize the
predicate value, and compare the quantized value with the quantized column values. If the
quantized values match, we treat the result as ambiguous; otherwise, we can safely decide
the comparison from the quantized values. In the example in the Figure, 75% of the values

can be evaluated by the quantized values.
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Quantization works well for comparisons but loses information and cannot recover
original values. SqueezeCache also supports clamping, which limits integers to a fixed
range—values outside are clamped to the boundary (e.g., values >3 become 3 in Figure 5.4).
Unlike quantization, clamping preserves exact values within the range, making it suitable
for columns used in both predicates and projections. Clamping works best when values
cluster around a center with occasional outliers (e.g., sensor readings in anomaly detection);
quantization suits columns used only for filtering where exact values are unneeded.

For signed integers, we first convert them to unsigned integers, using FoR (frame of
reference) encoding - subtract every value by the minimum value of the column. Once
quantization and clamping are applied, we then apply the bit-packing encoding to the
integers. By default, we will quantize/clamp the integers to use half of the bits to represent

the integer.

5.3.3 Squeezing Decimals

Decimals are physically integers: Decimal128 uses 128-bit integers to represent values,
and Decimal256 uses 256-bit integers. The decimal datatype contains two parameters:
precision and scale. For example, 123.45 has precision 5 and scale 2. This representation
makes decimal computation isomorphic to integer computation, so it can reuse the integer
squeezing techniques from the previous section. One exception is when the value range
exceeds u64, the widest integer type supported by our primitive integer encoding. In that
case, we first check the value range of the array and fall back to the fixed-length byte array
encoding as discussed in LiquidCache [72].

5.3.4 Squeezing Floating Numbers

Floating numbers are first losslessly compressed using ALP [2], which are encoded into
integers by multiplying them with an exponent (e) and an inverse factor (f). Floats that
cannot be losslessly encoded using this approach are stored separately as exceptions.
The encoded integers are subsequently compressed using Frame of Reference encoding.
SqueezeCache squeezes the encoded integers using the quantization approach described
in Section 5.3.2. Since the percentage of exceptional values is expected to be small, our

implementation doesn’t apply squeezing to these values.
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5.3.5 Squeezing DateTimes

Time-related types (datetimes, timestamps) are physically integers. For example, Arrow’s
Date32 is a 32-bit integer (days since 1970-01-01). While integer techniques apply, we can
exploit datetime semantics, specifically extract operations. For example, extract(year,
datetime) is common. Snowflake reports datetime extractions in 16% of queries, making
optimization crucial.

Figure 5.5 shows an example of datetime and its semantic based squeezing. At the
top is the original integer value (1767811243). We can treat it as a normal integer and
use the integer squeezing technique described in the previous section, but this does
not fully use datetime semantics. Knowing that this integer represents seconds since
1970-01-01T00:00:00Z, we can decode it into semantic components (year, month, day, etc.).
If the query only uses day-of-week, we can squeeze the datetime to store only the day-
of-week component in memory. SqueezeCache will automatically analyze the user SQL
queries, and find all the operations applied to the datetime column, and pass the extracted

information down to the cache (Section 5.4.1).

+1767811243 —nysical
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Figure 5.5: Datetime squeezing. Although physically stored as a single integer, datetime can be squeezed

with different semantic components.

An alternative approach is to decompose the datetime into statically pre-defined compo-
nents, such as year, month, and day, and only cache the “columns” that are actually being
used in the user query. Although simple, this approach is not efficient for components like
day-of-week or week-of-year, where the required information is not neatly represented
by year/month/day. Our approach generalizes hard-coded year-month-day extraction and

handles more complex extraction operations.
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Multiple components can be extracted from the same datetime column, e.g., both year
and month are frequently used, then both of them can be squeezed and cached in memory.
Some components are superset of others, e.g., month is a superset of quarter, i.e., knowing
month implies knowing quarter. In this case, we will only squeeze to the month component.

Once the desired components are extracted, SqueezeCache performs a cascading
encoding to the extracted values: perform frame of reference encoding, then bit-packing
encoding. The final value is then stored in the cache. A squeeze of Date32 to day-of-week
uses only 3 bits per entry, leading to almost a 10x memory reduction. The squeezed data
supports both predicate evaluation (when predicates extract a squeezed component) and

final projection (when the projection only needs that component).

5.3.6 Squeezing Variants (JSON)

{"loc":{ "city": "madison", "zip": 53703}} Original values

{"loc":{ "city": "madison"}, "id": 556}

{"loc":{ "state": "WI"}, "id": 762}

{"loc":{ "city": "pitts"}, "id": "unknown"} i:iziiiess

4 .Evict 3.Cache

Unshredded values loc.city id
{"loc":{ "zip": 53703}} madison null
{} madison 556
{"loc":{ "state": "WI"}} null 762
{"id": "unknown"} pittsburgh null

Figure 5.6: Squeeze a variant column into a set of shredded columns. We can shred the variant column
into a set of shredded columns, and only cache the shredded columns in memory. When a variant get

operation is called, we can reconstruct the variant object from the shredded columns.

Variant is a datatype popularized by Databricks and Snowflake for semi-structured data
(e.g., JSON). Conventionally, they are either stored as strings (requiring decoding and
repeating field names) or as nested Parquet columns (which compress well but require
a known schema). Variant provides a middle ground: arbitrary fields without repeating
field names (similar to binary JSON), with native Parquet support. Since 2023, Variant has

appeared in over 10% of Snowflake queries.
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As shown in Figure 5.6, queries typically extract only a few fields, e.g., loc.city and
id. A squeezed variant extracts these fields, avoiding the slow path of dynamic extraction.
Under memory pressure, instead of evicting the entire variant, we shred it into columns
for frequently accessed fields. A later variant get reconstructs the object from shredded
columns if available.

The Variant related operations are implemented as user-defined functions (UDFs) in
the query engine. Users can call variant_get to extract fields from the variant column, or
variant to json to convert a variant object to a JSON string.

Similar to time-based squeezing, one variant column can be shredded into multiple

columns, and we only cache the shredded columns in memory.

54 Lineage pushdown

Squeezing leverages the specific ways queries access data to reduce memory usage. How-
ever, the cache cannot deduce these access patterns from the raw data requests alone; it
requires higher-level semantic information from the query engine. This section introduces
“lineage pushdown,” a mechanism that analyzes query plans to extract column usage

patterns and pushes this context down to the cache, enabling it to safely serve partial data.
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5.4.1 Lineage analysis

SELECT EXTRACT (DOW FROM CreationDate) AS day of week,
COUNT (*) AS post count

FROM table WHERE Title like "%Rust%"

GROUP BY day of week;

Column lineage analyze

Y
CreationDate [ Scan s Extract DOWHGroup By]—»[ Count]
Title [ Scan > StringMatch]

;Squeeze hint

SqueezeCache

Figure 5.7: Column lineage example. SqueezeCache analyzes the query to extract the lineage of each
column. For CreationDate, the lineage reveals that only the day-of-week component is needed. For
Title, the lineage indicates a substring match, suggesting a fingerprint is sufficient. This information

guides the cache to squeeze the data into compact, query-specific representations.

To serve queries using squeezed data, SqueezeCache must ensure that the lossy represen-
tation retained in memory is sufficient to answer the query. This requires determining
not just which columns are accessed, but specifically which semantic components of those
columns are used. SqueezeCache employs lineage analysis to reconstruct the operation
history for each column. For instance, instead of fetching the full date on a cache hit,
SqueezeCache might return 2025-01-01 (derived from 2025-07-26) if the lineage confirms
the query only performs a year extraction.

As shown in Figure 5.7, SqueezeCache analyzes the query’s column lineage to deter-
mine which components to keep. For CreationDate, the lineage [scan -> extract(dow)
-> group by] indicates only the DOW component is needed. For Title, the lineage [scan
-> filter(like) ] suggests that a membership fingerprint is sufficient to filter most rows.

Once we have the lineage, we simply check whether the extraction operations are the
first operation applied to that column, if not, it means the query reads the full data, thus

conflicts with our optimization. For example, if the lineage is [date -> extract(year) ->
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filter(year = 2025)], then we can safely apply the optimization, but if the lineage is [date -
> filter(year > 2025-01-01) -> extract(year)], then we cannot apply the optimization.

Simple string/regex matching to determine extraction usage is neither sound nor
complete: columns can have aliases, and nested expressions may still be optimizable even
without pattern matches. SqueezeCache performs lineage analysis at the logical plan level.
The analysis is implemented as an optimizer rule that recursively traverses expressions
bottom-up and builds a column-usage map. Physical plan analysis is possible but more
verbose.

Once the lineage is built, we need to pass it down to the LiquidCache. Since lineage
analysis is implemented as an optimizer rule (i.e., there is no direct function call to receive
its output), it has to embed the lineage information into the logical plan. SqueezeCache
embeds the lineage information into the data provider node’s schema’s metadata, which
allows a per-field metadata. This way, when the query engine reads from LiquidCache,
LiquidCache checks schema metadata to decide which optimizations it can apply.

The cache API also needs to support this metadata. Specifically, the conventional get
and insert APIs receive an optional cache-operation hint parameter. This hint tells the
cache what operation is being applied, and the cache uses it to decide whether get can be
served from squeezed data. For example, if the hint is extract(year), and the cache also
only has year component in memory, the cache will return the year component directly,

without looking at the original disk data.

Query Engine
Requested: DateTime

2026-01-01 (DateTime)$ } 2026-07-28 (DateTime)
SqueezeCache: 2026 (Int) Disk: 2026-07-28 (DateTime)

Figure 5.8: SqueezeCache creates a synthetic value when the cached data type does not match the

expected type. The lineage analysis ensures that the unused components are not needed by the query.

5.4.2 Handling Data Type Mismatches

Mismatches occur when squeezed data has a different physical type than the original

schema. We handle two primary cases.
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The first case involves scalar extraction, such as extracting the year from a datetime.
While the squeezed data is logically an integer (the year), the query engine expects a
datetime. As shown in Figure 5.8, SqueezeCache returns a synthetic datetime value where
only the relevant component is valid (e.g., 2026-01-01T00:00:00Z when only the year 2026 is
needed). This is safe because the lineage analysis ensures that the unused components are
not needed by the query. The second case involves structural mismatches, such as a query
scanning a struct with fields a and b when only b is actually used. If SqueezeCache returns
only b, the schema mismatch breaks downstream operators. While decoupling logical from
physical types could solve this, current standards like Arrow bind them tightly. Instead,
SqueezeCache employs a lightweight plan optimization pass. Based on lineage analysis,
it rewrites the query schema to request only the squeezed components (e.g., column b

directly), removing the struct wrapper.

5.4.3 Tracking Squeeze Metadata

To determine optimal squeeze targets (e.g., whether to retain year or month), SqueezeCache
must track usage patterns. Naive per-access tracking introduces prohibitive memory and
synchronization overheads. To mitigate this, SqueezeCache adopts a hybrid strategy.

Coarse-grained tracking handles the common case where operations apply uniformly
to an entire column (e.g., table scans). Usage is tracked at the query plan level (control
plane), incurring zero execution-time overhead.

Fine-grained tracking handles filtered data where usage diverges across entries. To
minimize overhead, SqueezeCache maps expressions to 2-byte IDs via a registry. Each entry
maintains an 8-byte header storing the four most recent operation IDs. These are packed
into a single 64-bit word, allowing updates via lock-free atomic Compare-And-Swap (CAS)

operations. This design ensures thread safety with negligible impact on scan performance.

5.5 Squeeze policy

Once data is squeezable, the next question is when and how to squeeze it. Unlike tradi-
tional eviction which makes a binary decision (keep or evict), SqueezeCache exposes a
fine-grained spectrum of memory states. This structure creates a rich optimization space

and serves as a research framework for future work to explore complex policies that
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dynamically navigate these tradeoffs. This section discusses the default squeeze policy in
SqueezeCache.

Figure 5.9 shows an array’s life cycle in SqueezeCache. Arrays transition through four
states: uncompressed, compressed, squeezed, and evicted. Inserted as uncompressed, they
are compressed, then squeezed, and finally evicted as the cache fills. Specifically, squeeze

targets the uncompressed queue, then compressed, then squeezed.

Uncompressed -D--D'-D"D/\Dl_lnsert
Compressed 2. Squeeze (compress)
Partiall 3. S ( tial
e | OO OO, iy e
- Z.- 5<:_[-ueeze (full eviction)
Disk

Figure 5.9: Overview of the life of an array in SqueezeCache. Arrays are inserted as uncompressed
data. When the cache fills, squeeze operations progressively transition entries: uncompressed data is

compressed, compressed data is squeezed, and finally, squeezed data is evicted from the cache.

5.5.1 Squeeze Spectrum

While conventional eviction offers a binary choice (keep or evict), squeezing offers a spec-
trum of options. SqueezeCache can choose “how far” to squeeze each entry, transitioning
it from uncompressed, to compressed (lossless), and finally to squeezed (lossy).

Lossless squeeze (compression) is the first step. This generalizes cascading encoding,
balancing compression ratio against decoding performance. Our squeeze policy extends
this tradeoff to include I/O costs: holding compressed data reduces memory pressure while
still avoiding expensive disk reads. Prior work on learning optimal cascading encodings
can directly inform this stage of the squeeze policy. Lossy squeeze (partial eviction) is the
next step, trading fidelity for memory. Aggressive squeezing reduces memory usage but
increases the likelihood that a query will require a disk read. Unlike the lossless stage, lossy

squeezing forces a choice about what data to discard, as we discuss in the next section.
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5.5.2 Selection Policy

When the system is under memory pressure, it must pick a cached entry to squeeze, similar
to an eviction policy. Figure 5.9 shows that SqueezeCache uses three queues to manage
cached entries and prioritizes squeezing less-squeezed entries. Alternatively, the cache can
use a single queue, but this ignores the entry’s current state. Within each queue, we can
apply standard eviction policies such as LRU, FIFO, S3-FIFO, and SIEVE. SqueezeCache
implements these policies, and by default uses FILO (first in, last out), which prevents large
scans from polluting the cache by immediately evicting recently inserted data.

Similar to eviction, squeezing can be passive (triggered when the cache runs out of
memory) or active (background threads proactively squeeze entries). This approach trades
extra CPU overhead for better latency on a cache full. SqueezeCache by default uses a
passive squeeze policy.

Unlike eviction, squeezing must decide what to do with the squeezed entry after the
state transition. For example, if the squeeze policy uses a LRU, should it add the squeezed
entry to the front or the back of the LRU queue? SqueezeCache by default treats a squeezed
entry as a fresh insert (it is inserted into the corresponding queue as a new entry).

Partial eviction is lossy, so when we squeeze a compressed entry into a squeezed entry,
we also write the full data to disk and record its location. This allows later hydration
(Section 5.5.4) to read it back. By default, SqueezeCache writes the compressed data
(LiquidArray [72]) to disk, because it is highly compressed, and requires no deserialization

on read.

5.5.3 Retention Policy

Given lineage information (Section 5.4.1), the cache must decide which components
to retain. The simplest case is when the query extracts a single component, such as
extract(year) from a datetime column. Here, the cache keeps only the year in memory
and squeezes the rest to disk. When queries reference multiple fields (e.g., year and month,
or several JSON paths), the cache ideally uses a cost-based policy considering memory
pressure, query history, and compressibility. Currently, SqueezeCache retains all referenced
fields; we leave cost-based selection to future work.

A second complexity arises from compatibility between fields: some can be derived

from others. For example, if lineage analysis shows that both month and quarter are
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extracted from the same datetime, we observe that quarter can be derived from month-
so retaining month provides quarter at no extra cost. Similarly, if a query extracts both
“location” and “location.country” from a variant, the latter can be derived from the former.
Currently, SqueezeCache does not exploit these derivations; we leave compatibility-aware

policies as future work.

5.5.4 Hydration Policy

Similar to cache policy, squeeze policy must handle workload changes. For example, one
query may care about the year, but gradually more queries care about the month. The
cache needs to dynamically adjust the squeezed data to better reflect the current workload.
The process of increasing the size of the squeezed data is called hydration, similar to the
promotion in the conventional cache.

Hydration is triggered on a “cache miss” for squeezed data: we read data from disk, or
we find that a squeezed entry is not enough to answer the query, or we find that compressed
data is critical enough that it is better to cache it uncompressed.

Similar to squeeze, hydration is also a spectrum: we can hydrate in one shot to full
uncompressed data, or gradually hydrate step by step. SqueezeCache implements multiple
hydration strategies, and users can choose the one that best fits their workload. By default,
SqueezeCache uses a conservative strategy: it only hydrates to compressed data and never
hydrates to uncompressed data, as we rarely see a batch of data that is so critical to justify

the uncompressed memory size.

5.5.5 Discussion: When Squeeze is Not Beneficial

There are two types of squeezing: compression and partial eviction. Compression is always
beneficial in our experiments because analytical data is usually compressible, and modern
encoding techniques provide high compression ratios with efficient decoding. However,
partial eviction is not always beneficial. The key trade-off is the remaining in-memory size
versus how much I/O it can save. We discuss a few empirical cases where partial eviction
is less beneficial:
« Data is already well-compressed. Partial eviction happens after compression (as a remedy
for imperfect compression). If data is already near-perfectly compressed, partial eviction

is unlikely to help.



87

For example, if an integer array can be perfectly compressed using run-length encoding,
then there is no room for partial eviction to make a difference. This occurs frequently in
synthetic datasets (e.g., TPC-H, TPC-DS), where strings are simple categorical values and
integers have narrow ranges. Real-world data is often more complex and diverse [137, 162,
168].
« Full projection is required. If the query actually needs the full data, partial eviction is
unlikely to help.

For example, in an ETL pipeline that transforms and rewrites data into another system/
shape/format, partial eviction is unlikely to be beneficial.

For columns that are not suitable for partial eviction (which SqueezeCache can infer
from lineage analysis plus a sample of the data), SqueezeCache skips partial eviction and

caches the full data as compressed data.

5.6 Evaluation

Our evaluation is organized around two groups of questions: two on whether squeezing
pays off in aggregate, and three on why it works and whether one mechanism generalizes.
The first group asks whether squeezing pays off on realistic workloads:

1. Does SqueezeCache improve end-to-end performance? On ClickBench’s filter-
heavy queries it cuts query latency by up to 22x and I/O by up to 12x versus an
uncompressed cache, with no slowdown on the queries that do not benefit (Section 5.6.3).

2. How does cache efficiency scale with the memory budget, and how close is it to
optimal? Across budgets, SqueezeCache sustains up to 2x higher cache hit ratios than
a compression-only baseline (4x over uncompressed); we also quantify the remaining
gap to a row-granular optimum (Section 5.6.4).

The second group asks why squeezing works and whether one mechanism generalizes

across query patterns. We isolate a single workload per experiment so that the squeeze

strategy lineage analysis selects, and its effect, are visible in isolation:

1. Do retained prefixes resolve selective equality and range predicates without
disk I/0? On ClickBench Q25, squeezed prefixes answer all but 2.1% of squeezed batches
in memory, leaving only a handful of genuinely ambiguous rows to fetch from disk
(Section 5.6.5).
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2. Does squeezing adapt when prefixes do not work, such as substring search? For
LIKE queries, lineage analysis switches the squeeze target to string fingerprints, halving
decode time at essentially unchanged I/O (Section 5.6.6).

3. Does squeeze generalize beyond strings to sub-field extraction? For JSON fields,
datetime components, and struct sub-columns, SqueezeCache caches only the refer-
enced fields, shrinking entries by up to 46x and serving the query entirely from memory
(Section 5.6.7).

We first describe the implementation (Section 5.6.1) and baselines (Section 5.6.2), then take

each question in turn.

5.6.1 Implementation

We implemented SqueezeCache on top of LiquidCache [72] with 33k lines of Rust, including
14K for squeezable data types, 11K for lineage pushdown, and 7K for the squeeze policy.
The project has engaged over 20 community contributors and is now merged into the main
branch as the default eviction mechanism. Crucially, all techniques integrate via query
optimization rules, requiring no modifications to downstream query engines.

We run the evaluation on an AMD 9900x CPU with 24 threads (12 cores), on NixOS with
Linux kernel 6.12, equipped with PCle5.0 NVMe SSD. Benchmarks are compiled with Rust
1.94.0-nightly (and also work with the latest stable Rust). For memory-constrained bench-
marks, we use cgroups to limit memory usage. In addition to the benchmarks reported in
this study, we continuously run performance evaluations (including ClickBench, TPC-H,
TPC-DS, and JSONBench) on every commit to the main branch, and publish results in our

open-source repository.

5.6.2 Baselines

We compare SqueezeCache with the following baselines: Arrow: Arrow caches inserted
data as-is, without compression or partial eviction. This baseline represents the best
choice for low latency queries today, e.g., Bauplan [163]. LiquidCache: LiquidCache [72]
compresses data but does not perform partial eviction. This baseline represents the state-

of-the-art compression-only cache.
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5.6.2.1 Non-baselines

Eviction policies like LRU-K [131], SIEVE [189], and S3-FIFO [177] are orthogonal to
SqueezeCache. Result caching, predicate caching, and materialized views are also excluded,
as they are either special cases of SqueezeCache or they operate at different caching

hierarchy and lack the cross-engine reuse required for lakehouse-wise data analytics.

5.6.3 End-to-end Evaluation

We measure end-to-end gains on two benchmark families that probe opposite ends of
squeezing’s applicability: ClickBench, whose scan-intensive, low-latency queries over real-
world data are exactly the workload SqueezeCache targets; and the synthetic TPC-H and
TPC-DS suites, where we expect little benefit and instead check that squeezing falls back

gracefully to compression without introducing overhead.

5.6.3.1 ClickBench.

ClickBench [35] is an industry-standard analytical benchmark with 15GB (100M rows)
of real-world web analytics data. This benchmark includes many short, selective queries
typical of low-latency workloads. We focus on filter-heavy queries from Q20 to Q30. They
include complex filter patterns and variable-length fields. These queries represent the target
workload for SqueezeCache: scan-intensive operations over variable-length data where
squeeze can retain query-relevant information. The remaining queries do not benefit from
squeezing but perform similarly, incurring no slowdown.

Figure 5.10 shows the overall performance comparison between SqueezeCache and the
baselines. The x-axis shows query number. The y-axis shows query time (upward) and I/O
count (downward). Values are normalized to the LiquidCache baseline. The values shown
on LiquidCache are raw query time and I/O count. We deliberately run with kernel page
cache so end-to-end query time mainly reflects in-memory processing time; otherwise,
query time would be dominated by I/O. Since queries have dramatically different data
sizes, we set the cache size of all variants to roughly half of the actual memory usage for
LiquidCache. This ensures each query exercises both memory and disk access. We report
I/O count (number of io_uring syscalls) as a separate metric because cloud systems price I/
O by number of requests. Even when I/O latency is negligible, data-intensive systems still

reduce I/O to save cost.
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SqueezeCache performs best on 9 of 10 queries, reducing query time by up to 2x
vs. LiquidCache and 14x vs. Arrow in this experiment. The sole regression is within 5%.
Regarding I/O, SqueezeCache leads on 7 of 10 queries, reducing counts by up to 8x vs.
LiquidCache and 12x vs. Arrow. For the other 3, SqueezeCache matches LiquidCache and
outperforms Arrow.

Not all queries improve on both I/O and end-to-end query time. Q20 and Q23 mainly
benefit from faster in-memory processing with the same I/O count. They mostly benefit
from squeezing to string fingerprints (Section 5.6.6), which reduces the number of rows to
decode. Q21 and Q28 mainly benefit from I/O reduction, but overall query time does not
improve much because (1) I/O is virtually free in this setup and (2) these queries spend

substantial time on computation outside scanning (e.g., regex matching).
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Figure 5.10: ClickBench overall performance comparison. Query time and I/O count comparison
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between SqueezeCache and the baselines. Values are normalized to the LiquidCache baseline. The /O

device is kernel page cache, so end-to-end query time mainly reflects in-memory processing time.

5.6.3.2 TPC-H and TPC-DS.

As discussed in Section 5.5.5, while TPC-H and TPC-DS are popular analytical benchmarks,
they are less suitable for our workloads for two reasons. First, their synthetic data is
simple and highly compressible [72], and multiple studies show it does not reflect real-
world workloads [137, 162, 168]. Partial eviction is rarely necessary. Second, their queries
are join-heavy and less scan-/I/O-intensive, so our gains are less pronounced than in scan-

intensive, low-latency workloads. Nevertheless, SqueezeCache can gracefully fall back
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without introducing overhead by skipping partial eviction and only using compression to

save memory.

5.6.4 Cache Dynamics

Having established the end-to-end benefits, we now analyze how SqueezeCache’s cache
efficiency varies with memory budget. We use ClickBench Q25, a representative query that
exercises string predicate evaluation. Figure 5.11 shows the cache size vs cache hit ratio
(left) and actual referenced memory (right). We compare SqueezeCache with two baselines:
(1) Arrow, which caches inserted data as-is, and (2) LiquidCache, which compresses data
but does not perform partial eviction. The x-axis sweeps cache size from 8MB to 2048MB
on a log scale. The y-axis shows cache hit ratio (number of batches cached in memory
divided by total batches) and actual referenced memory (LLC references cacheline size,

approximating total memory traffic from memory to CPU).

5.6.4.1 Overall results.

SqueezeCache consistently outperforms LiquidCache by 2x in terms of cache hit ratio,
and 4x compared to Arrow. All of the variants are able to cache all data at 2048MB cache
size. Specifically, at 256MB cache size, SqueezeCache is able to cache 93.5% of data, while
LiquidCache and Arrow are only able to cache 50.0% and 17.9% of data, respectively.

5.6.4.2 How far are we from optimal?

SqueezeCache is a major step towards optimal cache utilization, but gaps remain. The gray
dashed line shows the theoretical optimum, needing only 32MB-60x smaller than total
data. We compute this from the right plot: CPU LLC (last level cache) references indicate
memory-to-CPU traffic during query execution. SqueezeCache is suboptimal because it
manages data in batches, not individual rows, with fixed prefix lengths per batch. Smaller
batches could help, but at the cost of higher metadata overhead and fewer SIMD optimiza-

tion opportunities.
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Figure 5.11: Cache size vs cache hit ratio (left) and actual referenced memory (right). Cache hit ratio
is the number of batches cached in memory divided by the total number of batches. Actual referenced
memory is LLC (last level cache) references cacheline size. It approximates total memory traffic from

memory to CPU.

5.6.4.3 How does the cache composition look like?

In SqueezeCache, cached entries are not fixed: they can be Arrow, Compressed, or
Squeezed. Figure 5.12 shows how their relative entry count changes with the cache size.
Again, we compare SqueezeCache with LiquidCache and Arrow. The stacked area chart
shows the relative entry count of each type of entries. By default, we use a simple squeeze
policy that prioritizes squeezing less-squeezed entries (Arrow first, then Compressed, then
Squeezed). This is evident in the figure: when cache size is small (e.g., 128MB), all three
variants end up with a single entry type in the cache: Arrow, Compressed, and Squeezed,
respectively. This happens because, under tight memory budgets, entries are squeezed to
their most compact format. As the cache size increases, other types of entries are gradually

possible to be cached in memory.
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Figure 5.12: Cache entry composition comparison. Number of different types of entries in the cache.
Arrow has only one type of entry, LiquidCache additionally has compressed entries, and SqueezeCache

additionally has squeezed entries.

5.6.4.4 1/0 is not the only cost

One might think these workloads are only bounded by I/O, and query time is mainly a
function of the number of I/Os. However, as we will show here and in other studies [72], the
in-memory data processing time is also a significant portion of the query time. Figure 5.13
shows query time comparisons between SqueezeCache and the baselines, with kernel page
cache as the I/O backend. Kernel page cache is a transparent cache mechanism provided
by Linux kernel, a cache hit only costs a few microseconds. With this almost ideal I/O
backend, one might expect similar query times. However, SqueezeCache is still an order
of magnitude faster than the Arrow baseline (when cache size is below 512MB). This is
because the squeezed data in SqueezeCache is much more efficient to process, i.e., relevant
data are closer to each other, leading to fewer CPU memory stalls. Similar effects also
appear in LiquidCache, where its selective decompression significantly reduces memory
stalls. After 512MB cache size, both SqueezeCache and LiquidCache start to accommodate
Arrow entries. As a side effect, more queries are served from Arrow data, and query time

increases and eventually matches the baseline.
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Figure 5.13: Query time comparison with kernel page cache as the I/O backend. Query time comparison
between SqueezeCache and the baselines, with kernel page cache as the I/O device. Kernel page cache

is a transparent cache mechanism provided by Linux kernel, a cache hit only costs a few microseconds.

5.6.5 Squeeze Helps Equality Predicates

We now examine how squeezing achieves the gains shown above. Using ClickBench Q25,
we demonstrate that SqueezeCache’s prefix squeezing retains sufficient information to
resolve most selective predicates without disk I/O. This query finds the top 10 non-empty
search phrases in alphabetical order-a pattern that appears ubiquitously in real-world
queries.

“sql

SELECT "SearchPhrase" FROM hits
WHERE "SearchPhrase" <> "

ORDER BY "SearchPhrase" LIMIT 10;

5.6.5.1 Isita good fit for SqueezeCache?

The predicate SearchPhrase <> " works well with squeezable strings (Section 5.3.1): the
prefix alone often decides the predicate. Although selectivity is only 13.1%, DataFusion also
adds a dynamic filter [19] of the form SearchPhrase >= X based on current top-10 results.
This filter allows SqueezeCache to prune batches using squeezed prefixes, benefiting

queries without explicit filters.
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5.6.5.2 Cache composition

The on-disk data for this query is about 565MB; we set cache size to 256MB. Table 5.1 shows
the cache composition after query execution. SqueezeCache caches data at batch granular-
ity (8,192 rows), with each entry in one of four states: Arrow (uncompressed), Compressed
(using LiquidArray [72]), Squeezed (using techniques from this chapter), or Evicted (on
disk). Entries start as Arrow and are progressively squeezed as memory pressure increases

(Section 5.5.1).

Arrow Compressed Squeezed Evicted

LiquidCache 1 5850 N/A 6367
SqueezeCache 2 6 11556 654
Avg size/batch 298 KB 43.9 KB 23.1KB 0

Table 5.1: Cache composition for ClickBench Q25 (256MB cache, 565MB data). Columns show batch
counts per state. SqueezeCache squeezes 95% of entries vs. baseline’s 52% eviction, with average entry

sizes shown in the last row.

In the baseline, roughly half of cached entries are evicted to disk, and the other half
are cached as compressed data. In SqueezeCache, 95% of cached entries are squeezed
(partially evicted while keeping essential data in memory). This is the intended behavior:
by squeezing each entry, SqueezeCache can keep more entries in cache. The last row shows
the average size of the cached entries, with Arrow being the largest at 298 KB per entry,
compression making it 7x smaller at 43.9KB, squeezing it makes it almost 2x smaller again
at 23.1KB. With the same cache space, caching squeezed data can accommodate roughly
twice as many entries in memory. If those squeezed entries can answer the filter predicate,

then the query can be evaluated without reading the entire data from disk.

5.6.5.3 Does squeezing help predicate evaluation?

This query has two filters: the user-specified SearchPhrase <> " and dynamically gener-
ated SearchPhrase >= X. Squeezed prefixes can answer both, though the dynamic filter
is more selective. Table 5.2 shows the I/O breakdown. The baseline reads all 6,367 evicted
batches. SqueezeCache reads only 654 evicted batches, plus 239 of 11,556 squeezed batches
(2.1%) that require full data to resolve ambiguity.
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# Read evicted (total) # Read squeezed (total)
LiquidCache 6,367 (6,367) N/A
SqueezeCache 654 (654) 239 (11,556)

Table 5.2: I/O operations for reading evicted vs. squeezed data (total batch reads in parentheses). For
evicted data, every batch read is one I/O. For squeezed data, I/O occurs only if the squeezed data cannot

resolve the predicate or full data is needed.

Figure 5.14 shows the 37 dynamic filters generated during query execution. We track three
metrics: Selectivity is the percentage of rows passing the filter; below 10"-4 means fewer
than 1 row per 8,192-row batch is expected to pass. Ambiguity shows the percentage of
rows that could be pruned with the full data but can not be pruned with squeezed data.

Batches evaluated shows how many batches the query engine evaluates with each filter.

° 3 : Selectivity —=—  Ambiguity # Batcn evaluated -5000
T 10°:
%) - -4000©
3 10"z -
D~ - (U
20 - -3000 T:t:
E 107 3
fo - §
=2 10_6 . -2000 =
= z m
8 e by -1000 ¥
(0] =
I WA

107° = -0

5 10 15 20 25 30 35

Dynamic filter generation

Figure 5.14: Dynamic filter generations, with their selectivity and ambiguous rate. Selectivity is the
percentage of rows that pass the filter. Ambiguity shows the percentage of rows that can not be pruned

with squeezed data. As query progresses, more selective filters are generated and ambiguity drops.

As shown in Figure 5.14, as the query engine updates filters, selectivity drops and stabilizes
around 0.6x10"-4 after 14 filters. This corresponds to 203 batches that require full data
reads (final projection). The ambiguity rate is consistently much lower than the selectivity
and drops to as low as 4x10”-8. The dataset has 100M rows, indicating that only 4 rows

(expected) are ambiguous during runtime, and that translates to up to 4 IOs.
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Next, we analyze prefix length sensitivity. SqueezeCache defaults to a prefix length
of 7 bytes, but other lengths are possible. We measure differentiability: the fraction of
unique values captured by the prefix. Higher differentiability means the prefix alone can
distinguish more values, reducing I/Os needed to resolve predicates. Figure 5.15 shows the
differentiability of the squeezed data for each prefix length. It shows three string columns:
SearchPhrase, URL, and Title. The SearchPhrase represents human input string, URL is
structured string, and Title is between the two. SearchPhrase is the most differentiable
column, and URL is the least differentiable column. Note that the differentiability is com-
puted after we exclude the common prefix of the batch. In general, longer prefix length has
higher differentiability, but at the cost of higher storage overhead. SqueezeCache’s default

prefix length of 7 balances differentiability, storage overhead, and memory alignment.
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Figure 5.15: Prefix length sensitivity analysis. Differentiability is computed as the number of unique
values captured by the prefix, divided by the total number of unique values in the batch.

5.6.6 Squeeze Helps Substring Predicates

SqueezeCache adapts its squeeze strategy based on query patterns. Prefixes are ineffective
for substring searches in ClickBench Q20 which finds how many urls contain the substring
'google’

“sql

SELECT COUNT(*) FROM hits WHERE "URL" LIKE '

SqueezeCache uses fingerprints in this case to reduce memory required for caching. To

evaluate the effectiveness of fingerprints, we ran Q20 using the same setup as the previously



98

(Baseline) and configured SqueezeCache to use column lineage analysis to automatically
squeeze to string fingerprints, configured to use 32 buckets (i.e., 4 bytes per string) with
a simple round-robin bucket assignment. The results are shown in Table 5.3. The I/O
counts are similar (fingerprints do not reduce I/O), but SqueezeCache requires slightly
more IO due to fingerprint overhead. When reading from fast NVMe drives, decoding often
dominates query time [72] as is the case in our experiments. Even though the same I/O is
performed, SqueezeCache significantly reduced the number of decoded rows from 19M to
10M (6.8 seconds to 3.0 seconds of decode time), roughly halving overall query time (a 50%
reduction). Fingerprints improve performance even when I/O count stays the same due
to SqueezeCache’s row-level decompression (inherited from LiquidCache) allows skipping
individual rows rather than entire batches.

Fingerprints filter out 57.7% of the string values for this query and configuration. For
the remaining 42.3% of the string values, 99.97% are false positives (do not contain the
substring “google”). Better assignment strategies for fingerprints exist [157], which we plan

to pursue in future work, but even the simple round-robin assignment is effective.

IO Decode rows (time) Query time
LiquidCache 11450 19M (6.8 s) 380 ms
SqueezeCache 11981 10M (3.0 s) 191 ms

Table 5.3: Fingerprint performance on ClickBench Q20. IO: batch reads. Decode rows: rows decompressed
(CPU time in parentheses). Fingerprints reduce decoded rows by 47%, halving query latency.

5.6.6.1 Fingerprint overhead analysis

Figure 5.16 sweeps bucket sizes from 4 to 64; more buckets reduce collisions and improve
filter-out rates, at 1 bit per string per bucket. SqueezeCache uses 32 buckets by default.
Both test patterns (“google” and “database”) have near-zero occurrence, so higher filter-out
rates indicate more effective fingerprints. SearchPhrase in general is more fingerprint-
friendly than URL and Title, potentially because it is much shorter than the other two.
We also profiled and optimized fingerprint creation and querying through compiler auto-
vectorization, making both processes as fast as string scanning. In summary, this case study
demonstrates that SqueezeCache’s lineage analysis allows it to adapt to diverse workloads

(e.g., substring search) and automatically apply the appropriate squeeze strategy.
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Figure 5.16: Fingerprint bucket size vs filter effectiveness. The bucket size is the number of buckets used
to store the fingerprint.

5.6.7 Squeeze Identifies Sub-Fields

Now we study a new category of squeezing: sub-field extraction. We consider two
workloads: (1) nested-JSON-like extraction and (2) datetime extraction. JSON (and other
semi-structured data) extraction is a fundamental pillar of semi-structured data processing.
Existing systems either disallow direct queries on semi-structured data until it is trans-
formed into queryable data through an ETL pipeline, or require ad-hoc annotations or
pre-computed JSON-specific indexes/subsystems to accelerate JSON queries [53]. Squeeze-
Cache naturally supports direct JSON queries through squeeze: lineage analysis captures
which fields are used, and the cache squeezes and caches those fields in memory. Datetime
extraction is another common example that benefits from squeezing, but it is usually
not worth building a special-purpose system for. It fits naturally into SqueezeCache’s
framework.

We optimize both SqueezeCache and Parquet’s Variant support, with our changes
upstreamed [69]. All data is pre-shredded to isolate caching effects from runtime extraction
overhead. We analyze JSONBench Q1 [37], which counts the number of events in the
“bluesky” table, grouped by the “event” field.

“sql
SELECT data['commit.collection'] AS event, COUNT(*) AS count
FROM bluesky GROUP BY event ORDER BY count DESC;
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Table 5.4 shows the size of the JSON object in the table, the size used in the query,
and the size of the squeezed data. The original JSON object is 4.16 MB, while the query
only references 0.16 MB. The squeezed data is what SqueezeCache caches: it automatically
extracts used fields and applies cascading encoding into LiquidArray [72], yielding 0.09 MB

per batch—a 46x reduction in size.

JSON object Referenced by query Squeezed
4.16 MB 0.16 MB 0.09 MB

Table 5.4: Average batch size comparison. JSON object shows the size of the JSON object in the table.
Referenced by query shows the size of the JSON fields referenced in the query. Squeezed shows the size
of the squeezed data.

Table 5.5 shows runtime performance: the baseline caches only 2.5% of data, while
SqueezeCache caches 100% in memory with 0 I/O, yielding 3.2x lower query latency.
Notably, SqueezeCache generalizes JSON-specific optimizations—it supports efficient semi-

structured queries automatically without special handling.

#10 Cacheratio Query time
LiquidCache 120 2.5% 49 ms

SqueezeCache 0 100% 15 ms

Table 5.5: JSONBench runtime performance comparison. # 10 shows the number of IOs caused by
reading evicted data and reading squeezed data. Cache ratio shows the ratio of the cached data to the

total data.

Next, we study a less common optimization that benefits from the same framework:
datetime extraction. This is a real-world stackoverflow query that counts the number of
posts by the day of the week. We run this query on the StackOverflow math dataset, which
is roughly 12GB after compression, again, we set the memory budget to roughly half of
the actual memory usage. Table 5.6 shows the cache composition comparison between the
baseline and SqueezeCache. With the same memory budget, baseline can cache 260 batches
in memory, and 235 batches are required to be read from disk. SqueezeCache can cache all
495 batches in memory, with no IO required.

“sql

SELECT EXTRACT(DOW FROM "CreationDate") AS day of week,
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COUNT(*) AS post count
FROM "Posts" GROUP BY day of week;

Arrow Compressed Squeezed Evicted
LiquidCache 2 258 N/A 235
SqueezeCache 3 240 252 0

Table 5.6: Cache composition comparison. Number of cached batches, each batch consists 8192 rows.

Table 5.7 further explains their performance difference. Baseline only caches the full
datetime column (Arrow or compressed LiquidArray), which is wasteful when the query
only uses (for example) year. LiquidArray can effectively compress the datetime column
by 2.7x, allowing much more data to be cached. The squeezed data can further reduce the
memory usage. Here we showcase four commonly extracted date components: year, month,
day, and day-of-week. They further reduce memory usage by 4.1x, 3.0x, 2.4x, and 3.9x,

respectively.

Arrow Compressed Year  Month Day DowW
24 MB 9.0 MB 22MB  3.0MB 37MB 23MB

Table 5.7: Date time squeezed size comparison. Arrow shows the size of the Arrow format. Compressed
shows the size of the LiquidArray format. Year, Month, Day, DoW show the size of the year, month,
day, and day-of-week components (squeezed).

Similar optimizations also apply to StructArray extraction, where a query uses only a
sub-column but the query engine still needs to read and decode the entire struct column.
SqueezeCache automatically extracts relevant columns, applies cascading encoding, and
caches them in memory. The mechanism and the resulting savings mirror the datetime-
component case above: each unused sub-column is squeezed away, and memory usage
scales down in proportion to the fraction of the struct the workload actually touches.
Overall, these experiments demonstrate that SqueezeCache effectively generalizes to com-
plex types (JSON and Datetime), automatically identifying and retaining only the minimal

semantic components required by the workload.



102

5.7 Related work

A consolidated discussion of related work across all three contributions of this dissertation
appears in Chapter 8. Threads especially relevant to SqueezeCache include caching architec-
tures and policies (Section 8.1), where SqueezeCache is orthogonal to eviction-policy design
and benefits any choice; pushdown and semantic caching (Section 8.2), where SqueezeCache
generalizes predicate caching by treating fidelity as a spectrum rather than a binary; and
data representation and encoding (Section 8.3), where SqueezeCache extends compression-
aware execution from lossless to lossy regimes and uses lightweight summaries such as

string fingerprints as squeeze targets.

5.8 Conclusion

This chapter presented SqueezeCache, the second contribution of this dissertation and its
attack on the content axis of White-Box caching. The starting observation is that, even
under Belady-optimal replacement, most cached bytes — up to 98% on real-world analytical
workloads — are never read by the queries that warmed them. The response is squeezing:
replacing each cached entry with a compact, lossy subset that still answers the predicates
the workload is running, decided per column by lineage analysis and managed through
a multi-state policy that treats fidelity as a spectrum rather than a binary. Evaluation on
ClickBench and JSONBench showed up to 4x higher cache hit ratios and up to 22x lower
query latency than an uncompressed cache (2x on both over a compression-only baseline)
at the same memory budget, with no end-user changes required to existing analytical
engines. SqueezeCache is the default eviction mechanism of the open-source LiquidCache
project.

The third opacity axis — granularity — remains. LiquidCache and SqueezeCache both
inherit the cache unit they manage from the query engine above (typically an 8192-row
batch of a single column); neither changes the relationship between cache pages and disk
pages, or between the cache and the records inside it. On disk, both rely on a conventional
file-per-batch layout backed by the kernel page cache — a model that breaks down on
modern NVMe SSDs whose bandwidth and IOPS approach DRAM territory (Table 2.1).
The next chapter (Chapter 6) takes up this third axis, building a storage engine whose
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in-memory cache pages are no longer mirrors of on-disk pages and whose I/O path is

structured around io_uring rather than the OS page cache.
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Chapter 6

Bf-Tree:
Decoupling Cache Granularity
from Disk

This chapter attacks the third and final opacity axis from the introduction: granularity. The
previous two chapters showed how a cache can take control of its in-memory representation
(Chapter 4) and the content it retains within each entry (Chapter 5). What both chapters left
untouched is the relationship between the cache’s in-memory unit and the on-disk unit it
spills to: an 8192-row Liquid array in memory becomes an 8192-row file on disk; a squeezed
batch in memory becomes a squeezed file on disk. The cache’s granularity, in other words,
remains coupled to whatever the disk produces — a coupling that worked fine when disks
were millisecond-class but breaks down under modern NVMe SSDs whose latency and
bandwidth approach DRAM territory (Table 2.1).

Bf-Tree attacks this axis at its most foundational layer: the larger-than-memory range
index itself. A conventional B-Tree organizes records into 4 KB pages aligned with disk I/O,
so each disk read narrows the search space by a full page. The page-aligned design comes at
a price. Updating one record requires writing the whole page back - a write-amplification
factor of tens to hundreds depending on record size. Caching a page in memory because
one of its records is hot also pulls in the cold records on the same page, wasting cache
capacity that could hold something hotter. These costs were tolerable when disks were
the binding constraint, but modern NVMe SSDs have made the trade-offs visible: an SSD
that can almost saturate a memory channel does not need to be coddled with page-aligned
writes, and the unused records on a cached page now occupy expensive DRAM.

Many enhancements have been proposed. LSM-Trees [33, 43, 48, 79, 96, 118] replace
pages with logs to reduce write amplification, at the cost of slower reads and expensive

compaction. Bw-Trees [102, 173] and Be-Trees [22, 38] chain delta records onto pages
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to batch updates, but long chains slow search. Two-Tree [74, 193], Anti-Caching [45],
Siberia [56], and TreeLine [182] introduce separate record caches on top of page caches to
improve point-lookup efficiency, at the cost of dual memory management and no benefit to
range scans. Each enhancement addresses one symptom of page-aligned caching without
addressing the underlying coupling between cache page and disk page.

The central observation of this chapter is that the disk’s page-aligned nature does not
require the cache to be page-aligned too. If we let cached pages have variable length, the
cache’s memory layout no longer needs to mirror the disk’s: it can hold a few hot records
when that is enough, buffer recent updates when that is useful, mirror the whole page when
range scans demand it, or even grow beyond the disk page to cache a key-range gap [65].
We crystallize this idea into a new data structure — the Bf-Tree — whose memory component
is a variable-length buffer pool of mini-pages, each holding a judiciously chosen subset of

the corresponding disk page.
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Figure 6.1: Throughput (log-scale) along three dimensions — point lookup, scan, and update. Each
triangle is a different system; larger is better. Bf-Tree dominates both B-Tree and LSM-Tree along all

three dimensions; Section 6.5.3 discusses this experiment in detail.

Mini-pages serve three purposes simultaneously. First, they cache frequently accessed
records at record granularity, so the cache holds hot records without dragging along cold
ones. Second, they buffer recent updates at variable size, batching them into a single page
write when the page is evicted — recovering most of the write-amplification savings of an
LSM-Tree. Third, they cache range gaps when range scans warrant: a mini-page can grow to
full page size and act as a conventional page cache for that key range. A single mechanism

therefore answers what required three different mechanisms in prior work (record caches,
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delta chains, page caches), and the variable-length buffer pool allows the mix to be set
dynamically as the workload changes.

Variable-length cache entries introduce four engineering challenges absent in fixed-size
buffer pools. The buffer pool must (1) constrain total memory consumption to a configured
value; (2) track which mini-pages are in use and which are free, despite the irregular sizes;
(3) identify hot mini-pages worth growing and cold mini-pages worth shrinking or evicting;
and (4) coordinate all of this concurrently across many threads, on hardware fast enough
to make every microsecond visible. We meet these constraints with a novel circular-buffer
buffer pool, inspired by FASTER’s hybrid log [31, 32] but generalized from fixed-size to
variable-size allocations.

Bf-Tree is the most distant of the three contributions from this dissertation’s analytical-
caching starting point. Where LiquidCache and SqueezeCache live in the lakehouse stack
and serve filtered columns to analytical queries, Bf-Tree is a transactional key—value index
— the kind of structure that backs an OLTP database, a metadata service, or any system that
needs ordered lookups and updates at scale. The shift is deliberate: it shows that the White-
Box philosophy is not specific to analytics. The same move - looking inside the cached unit
so that the cache can hold something smaller and more useful than the disk produced — pays
off in a KV store too, on a different set of operations (point lookup, range scan, update)
than the analytical-pushdown regime of the earlier chapters.

We implemented Bf-Tree in 13k lines of Rust on top of the io_uring-based I/O substrate
described in Chapter 7. On a YCSB-like benchmark with 200 million 32-byte records and
2 GB of cache, Bf-Tree is 2x faster than RocksDB [48] on range scans, 6x faster than a
conventional B-Tree on writes, and 2x faster than both on point lookups - the only system
among our baselines to perform well on all three operations simultaneously. In-memory
performance matches state-of-the-art in-memory B-Trees [98], and tail-latency curves
track the cache hit ratio (~ 75% with Bf-Tree’s mini-pages, versus ~ 50% with page-level
caching at the same memory budget).

The contributions of this chapter are:

1. The mini-page abstraction, a variable-length cache entry that decouples cache granu-
larity from disk granularity.
2. A novel variable-length buffer pool over a circular log that manages mini-pages concur-

rently and at scale.
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3. A full implementation of Bf-Tree in Rust with strong correctness guarantees, evaluated
against RocksDB, conventional B-Trees, modern B-Tree variants, and Leanstore.

4. A demonstration that the White-Box philosophy generalizes beyond analytical caches
to transactional key—value indexes.

The chapter is organized as follows. We first cover the background on B-Trees, LSM-Trees,

and modern NVMe SSDs that frames Bf-Tree’s design choices. The remaining sections

present the architecture, the variable-length buffer pool, the core operations, the evalua-

tion, and related work. A closing section completes the three-axis White-Box story.

6.1 Background

We start by discussing recent advancements in the design of B-Trees and LSM-Trees, the
two most important data structures for larger-than-memory data systems. Although B-
Trees and LSM-Trees are traditionally optimized for read and write-intensive workloads
respectively, practical use cases must handle both workloads simultaneously. Therefore,

they have each been extended to manage the opposing workload type efficiently.

6.1.1 B-Tree

A larger-than-memory B-Tree organizes data in pages and places hot pages in memory
while cold pages reside on disk. It assigns each page with a unique ID and maintains a
mapping from the page ID to the physical location of the page (on disk or in memory). This
allows a B-Tree to grow larger than memory (by evicting cold pages to disk) but still allows
efficient access to data on disk.

Point lookup. A B-Tree excels in efficient point lookups by traversing the tree from
the root to the leaf node and then binary searching the leaf node for the target key-value
pair. By caching inner nodes in memory [45], a B-Tree can complete a point query with
a single IO operation involving a leaf node retrieval from disk. This design significantly
enhances lookup speed for larger-than-memory data.

Despite their efficiency in disk lookups, B-Trees face challenges in caching hot records,
especially when they are interspersed with cold ones on the same page. B-Tree’s page-
based caching brings the entire page in memory — caching hot records along with cold ones

— leading to low cache efficiency.
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To mitigate this problem, multiple systems — such as Two-Tree [193], Siberia [56],
Anti-caching [45], and Tree-line [182] — have incorporated record-level caching (i.e., cache
individual records rather than entire pages) in their system to improve caching efficiency.
While effective for point lookups, record-level caching cannot operate alone, as it does not
benefit range scans, necessitating page-level caching just for range queries. Further, as a
separate component, record caches are not helpful for writes. With two caching compo-
nents, the system needs a delicate balance in memory allocation between the two types
of caches.

Write. A write operation in a B-Tree often faces significant write amplification: a single
update to a key-value pair requires a write to the entire page. This is because the record
size (often less than 100 bytes [29]) is much smaller than the page size (ranging from 4KB
to 64KB). A typical write operation on a B-Tree leaf page often involves reading the entire
page from disk, modifying the page in memory, and writing the entire page back to disk.
Such inefficiency is problematic in write-intensive workloads, prompting a preference for
LSM-Trees, which are better suited to these scenarios.

To mitigate write amplification, researchers have proposed various modifications [22,
38, 102, 173] to a conventional B-Tree. Among these, the Bw-Tree’s [102] delta chain
approach represents a notable advancement. A write to a leaf page is “blindly” appended
to an in-memory delta chain without touching the leaf page. As the delta chains grow, they
eventually merge to the leaf page in a batched manner, thereby reducing write amplifica-
tion. However, long delta chains slow down search during both read and write operations,
as they need to pointer-chase the delta chain to find the target key-value pair.

Range scan. B-Trees support efficient range scans by chaining the leaf nodes for
efficient forward and backward scans.

Moreover, a B-Tree’s page-based caching is ideal for range scans, as the entire page is

cached in memory, preserving spatial localities of neighboring records.

6.1.2 LSM-Tree
The Log-Structured Merge-Tree (LSM-Tree [48, 64, 132]) complements the B-Tree, espe-

cially for write-intensive workloads. LSM-Trees allow efficient data ingestion but incur
higher costs for the read workloads. Despite this trade-off, LSM-Trees are widely used in
industry, e.g., RocksDB [48], TiDB [79], and Bigtable [33].
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Write. LSM-Trees append incoming writes to an in-memory buffer and periodically
flush the buffer to disk. When writing to disk, records are sorted and merged with existing
data, a process known as compaction. LSM-Trees employ a multi-level file organization to
manage compaction efficiently.

Despite the optimizations, compaction remains resource-intensive, often leading to IO
amplification and significant read latencies at the higher percentiles. Recent works have
proposed to mitigate compaction overheads by offloading it from the critical path [191] and
reducing data writes [118].

Point lookup. During a point lookup, an LSM-Tree needs to binary-search multiple
levels of potentially large files. LSM-Trees employ many techniques to accelerate point
lookups. Bloom filters [44, 58] serve as file-level filters that can terminate unnecessary file
searches. A block cache [59, 119] caches data blocks from the SST file, reducing the number
of disk IOs. A row cache [139] is a record-level cache that caches individual records in
memory; it is more fine-grained than a block cache but does not apply to range scans.

Range scan. LSM-Trees are inefficient at range scans, as they need to search all levels
of the tree to find all records in the given range and merge them to get the final result.
Moreover, an LSM-Tree’s row cache does not apply to range scans, leading to low cache

efficiency for scan-intensive workloads.

6.1.3 Modern NVMe SSD

Disks have improved significantly in the past few decades, especially with the advent
of modern NVMe SSDs. Although conventional systems continue to work with new
hardware, many of their assumptions have changed, particularly those designed around
the limitations of conventional HDDs. As a result, the operational trade-offs of B-Trees and
LSM-Trees warrant a reevaluation in the context of new hardware capabilities.

Random vs. sequential writes. Conventional HDDs use spinning disks to locate data,
so sequential writes are much faster than random writes. Log-structured write is a good fit
for such hardware as it only requires sequential writes. Modern NVMe SSDs, on the other
hand, have no mechanical moving parts, use flash memory for efficient parallel access,
and incorporate fast hardware garbage collection schemes [175, 178]. This allows modern
NVMe SSDs to have almost as fast random write as sequential write; recent studies [68,
182] suggest that 4KB random writes can almost saturate an SSD’s bandwidth, making log-

structured writes less attractive.
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Kernel-bypass I/0. As discussed in Chapter 7, modern NVMe SSDs have 1I/O latency
comparable to a context switch and bandwidth that is a significant fraction of memory
bandwidth, making the conventional kernel-mediated I/O path (with its context switches
and dual copies) a real bottleneck. Bf-Tree uses io_uring through the substrate of Chapter 7,
sharing that infrastructure with LiquidCache; see that section for the broader trade-off
between mmap, SPDK, and io_uring.

B-Tree page size. Smaller page sizes are preferred to reduce amplification, especially
on modern NVMe SSDs that support finer-grained access. Bf-Tree therefore by default uses
4KB page size instead of more common 8-32 KB page sizes [60, 81, 98, 127]. Recent evalu-
ation [68] on B-Tree page size shows that modern SSD favors 4KB page size, smaller page
size results in worse IOPS and latency due to excessive overhead in the flash translation
layer and not optimized 512-byte page access. This is consistent with our preliminary
experiment that 4KB page size is the sweet point on a PCle 4.0 modern NVMe SSD [144].

6.2 Bf-Tree Architecture

Two major problems of conventional B-Trees — write amplification and inefficient caching -
stem from the fact that disk pages are much larger than individual records. This granularity
mismatch fundamentally limits the performance of B-Trees, forcing them to either cache
cold records or write the entire page for a single record update.

A B-Tree’s page organization is suitable for block devices and naturally implements
page-based caching. However, the cache does not have to be page-based, as memory is
byte-addressable. Bf-Tree starts with this thought experiment: What if cached pages can
have variable lengths? By having variable-length pages, memory caches no longer need to
align to disk pages. Instead, they have the freedom only to cache the data that is worth
caching. In Bf-Tree, this means it can cache (1) only the “read hot” part of a page to serve
reads efficiently and (2) the “write hot” part of a page to absorb updates (often in-place) as
much as possible before batch writes to disk. It can also grow to cache the entire range gap
if needed.

This section presents the high-level design of Bf-Tree, a modern B-Tree re-imagined
with a native variable-length buffer pool for memory. Bf-Tree can leverage variable-length
cache entries, called mini-pages, to support efficient point lookup, range scan, and write

operations. While this design can help address the aforementioned problems, it comes with
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new concurrency, memory management, and resource utilization challenges. Section 6.3
discusses how such a buffer pool can be efficiently implemented for a Bf-Tree.

Figure 6.2 shows the high-level architecture of the Bf-Tree. It consists of four parts: (1)
the inner nodes; (2) the buffer pool that caches mini-pages; (3) the on-disk leaf pages; and
(4) the mapping table for leaf and mini pages. At a high level, the Bf-Tree’s architecture
is not much different from the conventional B-Tree, except that its buffer pool supports
variable length pages.

The rest of this section discusses the design of each component in detail, specifically,
where we store them in memory or on disk and how they interact with each other. The last

sub-section discusses the optimizations we implemented to improve Bf-Tree’s performance.

Inner nodes
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Figure 6.2: High level architecture of Bf-Tree. Like conventional B-Tree, but pages in the buffer pool are

Mapping table

variable lengths.

6.2.1 Mini-page
A mini-page is an in-memory slim version of the corresponding leaf page. It serves two
purposes: (1) to buffer recent updates and (2) to cache frequently accessed records. Mini-
pages are for leaf pages only (i.e., not for inner nodes), and each leaf page may have at most
one corresponding mini-page.

Records in a mini-page are maintained as sorted, preserving spatial locality. This allows
records to be efficiently searched using binary search, unlike the delta chain approach that

requires a sequence of pointer chases to find the target record. We next discuss the high-



113

level functionality of a mini-page. Section 6.4 discusses in detail how mini-pages are used
in Bf-Tree’s core operations.

Absorbing write operations. A write operation tries to insert to the mini-page of
the destination leaf page. If the leaf page does not already have a mini-page, it creates a
minimal-sized (e.g., 64 bytes to align with a cache line) mini-page that can contain the new
record. If the mini-page is full, it grows to accommodate the new records. Each time, the
mini-page doubles its size until it can accommodate the new record. Ultimately, the mini-
page can grow too large (up to 4KB), which can cause the insertion/search performance to
degrade. Then, or when it needs to be evicted from memory, we batch-write and merge the
mini-page into the base leaf page.

We discuss new mechanisms for a fast concurrent buffer pool implementation for mini-
pages in Section 6.3.

Caching hot records. Before reading the leaf page from disk, a read operation first
(binary) searches the mini-page for the desired record and terminates early if the record is
found. Searching the mini-page is efficient as the records are sorted and in-memory. If the
record is not found in the mini-page, we load the corresponding leaf page from disk.

After reading the record from disk, we can cache it by inserting it into the mini-page.
This allows future read operations to terminate the search early. Note that the mini-page
will cache the individual records, not the entire page, avoiding the inefficient page-level
caching of conventional B-Trees. To avoid flooding the mini-page with cold records, we
cache the records from the leaf page only with a tunable probability (20% by default; studied
in Section 6.5.11). Caching hot records is implemented as an in-memory insert operation
to the mini-page, which may trigger the mini-page to grow as needed.

Caching range gaps. Record caching does not help with range scans because the range
query has to look at the leaf page for the full set of records; in other words, record caching
breaks the spatial locality needed for range scans. On the other hand, a page-level cache
is ideal for range scans, as it preserves the spatial locality of records. Mini-pages support
caching range gaps: when a mini-page grows to the full size, we merge (if necessary) and
convert it into a full leaf page mirroring disk. Unlike systems such as RocksDB, where
static memory partitioning is required for row-cache and block-cache, mini-pages in Bf-
Tree automatically adapt to workload changes (e.g., point or range query intensive). This

allows the same memory budget to be used for both range and point queries.
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Figure 6.3: Mini-page (var len) / leaf node (4096 bytes) layout

6.2.2 Mini and leaf page layout

Mini-pages and leaf pages share the same layout, storing key-value pairs in sorted order
and allowing efficient lookups. In Bf-Tree, they share the same implementation, except
that mini-pages can have varying lengths. This significantly reduces the complexity of the
system and allows us to implement optimizations once and apply them to both mini-pages
and leaf pages.

As shown in Figure 6.3, the page layout starts with a 12-byte Node Meta, which encodes
the node size, page type (mini or leaf page), split flag (whether the page is full), and value
count (the number of records on the page).

The Node Meta is followed by an array of KV Meta, which stores the metadata of the
key-value pair. The metadata and key-value data are stored separately to support variable-
length keys and values. The KV Meta is stored from the beginning of the page, and the
actual key-value data is stored from the end of the page. The node is full when the KV Meta
and the key-value data meet in the middle. Separating the metadata and the actual data
also allows efficient insertion, as we only need to shift the metadata when inserting a new

record instead of shifting the entire node.
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Each KV Meta is 8 bytes, which stores the length of the key and value and the offset of
the key and value in the page. It also stores the type of the key and value (more detail on
Table 6.1), whether the key is a fence key (Section 6.2.5), the reference flag of the key-value
pair (Section 6.3.1), and finally, the look-ahead bytes of the key (Section 6.2.5). The key-
value data is stored sequentially on the page, starting at the specified offset in the KV Meta.

6.2.3 Leaf pages and mapping table

Leaf pages are always on disk, and may have at most one associated mini-page in memory.
To locate the leaf page and its mini-page, the last level inner node stores a page ID, which
references a mini-page or a leaf page. Bf-Tree maintains a mapping table that maps the
page ID to the actual location. If the page ID points to a mini-page, its leaf page address
can be found in the leaf field of the page header.

As shown in Figure 6.2, the mapping table is an in-memory container that maps the
logical page ID to the physical location of the page (i.e., memory address or disk offset).
The mapping table can be implemented using a hash table/indirection array [60, 86, 127],
relying on the OS’s page table [39, 76], or using pointer swizzling [98]. Bf-Tree uses an
indirection array for its simplicity and performance. However, our design can work with
any of the above approaches, as the mapping table is decoupled from the rest of the system.

In addition to the address translation, the mapping table stores the reader-writer lock
for each page.

The reader-writer lock (16 bits) is co-located with the page address (48 bits); they are
together packed into a 64-bit word for efficiency. As the mini-page and its leaf page share
the same page ID, locking the mini-page will also lock the leaf page, simplifying the locking

mechanism and reducing overhead.

6.2.4 Inner nodes

Conventional B-Tree systems treat inner nodes and leaf nodes indistinguishably and use
the same mapping table to translate an inner node page ID to a physical address. This
creates a high overhead of inner node access (due to translation) and a contention hotspot
on the mapping table. Inner nodes of practical B-Tree systems usually take less than 1% of
the total B-Tree size [45, 65], and they are much more frequently accessed than leaf pages

(e.g., every leaf page access will involve multiple inner node accesses).
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Bf-Tree by default pins the inner nodes in memory and uses direct pointer addresses
to reference them. This allows a simpler inner node implementation, efficient node access,
and reduced contention on the mapping table. As inner nodes are pinned to memory, the
buffer pool of Bf-Tree only needs to cache leaf pages. Pinning inner nodes to memory is not
a design requirement, when deployed with constrained memory budget, users can choose
to disable inner node pinning, or only pin the first few levels of inner nodes to memory.
When a inner node is not pinned to memory, it will be accessed through the mapping table
using a page ID instead of a direct memory address (similar to leaf pages).

Bf-Tree implements optimistic latch-coupling [100] on inner nodes to reduce their
contention — based on the observation that although highly contended, inner nodes are
rarely modified (only modified on nodes split/merge).

Specifically, we use an 8-byte version lock to track the state of the inner node. A read
operation compares the version number before and after the operation and only proceeds
when the version number matches. A write operation will acquire an exclusive lock on the
inner node and bump the version lock after the modification. Optimistic latch coupling for
inner nodes allows Bf-Tree to scale to high concurrency, as the read operation does not

pollute cache lines, thus avoiding cache coherence traffic.

6.2.5 Performance optimizations

Now we discuss the optimizations made to Bf-Tree’s node layout, which apply to inner
nodes, leaf nodes, and mini-pages.

Fence keys. Fence keys guard the key range of a page and determine the neighbor
nodes for range queries. The first key of a mini/leaf page is the low fence key, and the
second is the high fence, followed by the actual records. The low fence points to the node’s
left neighbor, and the high fence points to its right neighbor. Alternative approaches are
possible, e.g., chained pointers. Bf-Tree uses fence keys for their simplicity.

Prefix compression. Keys of Bf-Tree can have long prefixes, e.g., URL keys and
names. To reduce memory usage and accelerate the key search, Bf-Tree implements prefix
compression based on the fence keys. The node’s prefix is implicitly stored in the fence
keys as they tell the node’s key range; i.e., the common prefix of the low and high fence
keys is the node’s prefix. When inserting records into a node, the common prefix is skipped,
and only the suffix is stored in the node; this reduces space consumption and allows higher

fan out. To read the full key, we assemble the key’s prefix and suffix stored in the node.
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Look-ahead bytes. Figure 6.2 shows that Bf-Tree stores the KV pair’s metadata and
actual data apart.

While this design has the benefits mentioned earlier, it can incur higher random
memory access for key comparison: we first load the record’s metadata, then use it to load
the actual key. To accelerate this two-step pointer chasing, we store the first 2 bytes of
the actual key (called look-ahead bytes) in the metadata and compare the look-ahead bytes
first. Thanks to prefix compression, the first 2 bytes of the keys are usually different, and
we can terminate the search early without loading the full key. We only need to load and

compare the full key if the look-ahead bytes are the same.

6.3 Buffer pool for mini-pages

So far, we have described how mini-pages can significantly reshape the design of a B-Tree,
and how Bf-Tree leverages mini-pages to achieve its efficiency goals. We next discuss how
to manage the memory of mini-pages, as mini-pages can be of different sizes and grow and
shrink dynamically.

The variable-length buffer pool has three challenges: (1) manages the memory of all
mini-pages, i.e., the exact memory location of each mini-page, (2) tracks the hotness of
each mini-page and evicts the cold mini-pages when needed. (3) concurrency challenge of
evicting and allocating by many threads while maintaining memory safety and parallelism.
The first challenge has to deal with memory fragmentation (like most allocators [57, 97]):
When a large chunk of continuous memory is broken into smaller chunks of variable
sizes, it is difficult to assemble them back to form a large chunk. The second challenge is
to systematically decide which mini-page should be evicted and which should be kept in
memory. The third challenge is safely issuing enough parallel IO requests to saturate SSD
bandwidth.

Bf-Tree solves the problems above by designing a novel circular buffer to manage mini-
pages: we store the mini-pages in the circular buffer, adding to the tail until the buffer is
full. When it is full, the mini-pages close to the head address are evicted to disk, allowing
the tail address to advance. This design is inspired by FASTER’s hybrid log design [31, 32],
where a similar goal is achieved. We next discuss how the circular buffer is designed and

implemented to work in a concurrent setting,.
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Figure 6.4: Circular buffer for variable length mini-pages.

6.3.1 Memory regions of circular buffer

The nature of the circular buffer evicts all mini-pages that reach the head address. This is
undesirable behavior for hot mini-pages. As shown in Figure 6.4, the circular buffer has
three addresses: the head, tail, and second-chance addresses. These three addresses divide
the memory into 90% in-place-update region (between tail address and second-chance
address) and 10% copy-on-access region (the rest). Mini-pages on the in-place-update
region can be modified in place, while mini-pages on the copy-on-access region will be
copied to the tail address on access (the copy mini-page to tail section). This prevents hot
mini-pages from reaching the head address and getting evicted.

The circular buffer also maintains multiple free lists, each with a different size class, to
track recently de-allocated memory. A mini-page de-allocation happens when it tries to
grow or shrink. This involves first allocating a new mini-page, copying the content of the
old mini-page to the new one, and finally de-allocating the old mini-page. The de-allocated

memory is added to a free list and reused for future allocation.

6.3.2 Circular buffer API

The circular buffer provides a succinct yet efficient API to support various operations on
mini-pages.

Alloc. Memory for a mini-page can be allocated from two places: the free list of the
requested size category and the tail address. When the free list has no memory, we allocate
from the tail address by advancing the tail address by the requested size. When the circular
buffer is full, i.e., the physical locations of tail and head addresses are close to each other;
the circular buffer returns an error. The caller will then call eviction to make room for new

allocations.
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Eviction. Eviction is the process of making room for new allocations. Eviction starts
from the mini-page closest to the head address. A callback function is invoked to merge
dirty records in the mini-page to the leaf page on disk. Then, the mapping table is updated
to point to the leaf page, and the head address is advanced. Eviction may happen simulta-
neously from multiple threads (more below).

Dealloc. De-allocation simply adds the memory region to the corresponding free list,

for reuse during a future allocation.

6.3.3 Performance optimizations

The circular buffer is central to Bf-Tree’s design and can easily become a performance
bottleneck if not optimized sufficiently.

Memory fragmentation. There’s no paging concept in the circular buffer, i.e., mini-
pages are allocated with no spaces between them. Each allocated mini-page has an 8-byte
metadata that stores its size and state (e.g., ready or free-listed). The meta-data is stored
right before the mini-page. This design minimizes fragmentation as mini-pages do not need
to align to specific memory boundaries.

Memory alignments. Without paging, each mini-page is only aligned to an 8-byte
boundary; this means that some mini-pages may cross the physical 4KB paging boundary,
incurring additional page table lookup while accessing the mini-page. This is mitigated
using the Huge Pages (HugeTLB) mechanism provided by the Linux kernel, where the
entire physical memory of the circular buffer is backed by huge pages of 2MB or 1GB,
heavily reducing the likelihood of mini-pages crossing the page boundary.

Concurrent evictions. Eviction ensures that cold mini-pages are evicted to disk,
making room for hotter mini-pages. Eviction bumps the head address so that the tail
address can be advanced. This is a sequential operation because the head address can only
increase linearly. To parallelize the eviction process, we allow each thread to start evicting
a mini-page concurrently but require all threads to finish the eviction in order, i.e., the head

address can only be advanced when all threads have finished their eviction.
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Figure 6.5: Bf-Tree’s Get and Insert operations.

6.4 Bf-Tree core operations

So far, we have discussed the core mechanisms of Bf-Tree and the mini-pages. This section
discusses how Bf-Tree connects the components to support efficient read, write, and range

scans; Figure 6.5 illustrates the Get and Insert paths.

6.4.1 Get

The get operation starts with traversing the tree to the mini-page that may contain the
target key-value pair and searching the mini-page for the key. If the record is found in
the mini-page (cached), we will return the record and terminate the operation early. If the
record is not found (or no mini-page exists), we search the corresponding leaf page on
disk. We load the leaf page using the offset stored in the mini-page header (or the mapping
table) and search the page for the target key-value pair. With a tunable probability (20% by
default), we cache the record by inserting it into the mini-page, creating a new mini-page
if one does not already exist. This allows subsequent searches for that record to complete

in memory. Listing 6.1 summarizes the get operation in pseudo-code.
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def get(key):
(mini page, leaf page) = traverse(key)
if mini page:
result = mini page.binary search(key)
if result:
# early terminate if found
return result

# otherwise, read from the leaf page
result = leaf page.binary search(key)
if rand() < 0.20:
# with the default promotion probability, cache it in the
mini-page
insert or create mini page(leaf page, result)
return result

Listing 6.1: Get operation
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6.4.2 Insert

def insert(key, value):
(mini page, leaf page) = traverse(key)
ok = mini page.insert(key, value)
if ok:
# early terminate if insert succeeds
return

new size = mini page.next size()
if new size ==
# need to merge to the base page
mini page.merge()
mini page.insert(key, value)
return
else:
# need to grow the mini-page
mini page.resize(new size)
mini page.insert(key, value)
return

Listing 6.2: Insert operation

Like the get operation, the insert operation starts with traversing the tree to the mini-page,
creating a new mini-page if it does not already exist. The size of the new mini-page is just
enough to fit the new record so that we have minimal write amplification. Then, we try
to insert the record into the mini-page. If success, i.e., the mini-page has enough space to
absorb the record, we will terminate the operation early. No IO (i.e., write to the leaf page)
is needed in this case. If the mini-page is full, we will resize it (doubling its size) so it can
fit the new record.

The resize process will allocate a new memory chunk and copy-initialize the mini-
page to the new location. Once the mini-page is resized, we insert the record into the new
mini-page. If the current mini-page is already large (e.g., 4KB) — the mini-page has already
absorbed enough records — we merge it to the leaf page. The merging process will evict all

dirty (modified) and cold records from the mini-page.
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6.4.3 Range scan

Range scan involves scanning a range of records in the mini-page and leaf page and then
merging the records to get the final result. This means the mini-page will not help reduce
the IO for the range scan because it needs to load the leaf page anyway.

To mitigate this, Bf-Tree allows a frequently scanned mini-page to grow to the full page
size and cache the entire page in the circular buffer. Thus, the buffer pool can also behave
as a page-level cache. Page-level caching fundamentally differs from record-level caching
because it caches both individual records and entire range gaps. Caching the entire leaf
page provides us a simple way to handle not only efficient range scan but also gap locking

[65], negative lookup, etc.

6.4.4 Delete/Update

Deleting a record is essentially inserting a tombstone record into the mini-page. When a
read operation reads the tombstone in the mini-page, it returns a not-found result without
touching the leaf page. When the mini-page is merged to the leaf page, the tombstone
record is removed from the leaf page, if it exists.

Like Delete, an update operation inserts the record into the mini-page. Future reads can
directly read from the mini-page. The record is updated on the leaf page when the mini-

page is merged.

6.4.5 Mini-page operations

Mini-page merge. There are two cases where a mini-page might be merged: (1) the mini-
page is too large, and (2) the mini-page is cold. A mini-page grows in size to cache/buffer as
many records as possible. But it can not grow arbitrarily large, as records in the mini-page
are sorted; a large mini-page incurs high insertion overhead. When a mini-page grows to
the full page size (4KB), it is merged with the leaf page on disk to become a 4KB mini-page
that mirrors the leaf page.

A mini-page will be evicted (merged to the leaf page) if it is not accessed while in the
second-chance region, as discussed in Section 6.3.1.

To merge a mini-page with its leaf page, we first locate its leaf page using the leaf
field in the mini-page header. Then, we calculate the space needed for the leaf page to

accommodate the mini-page; if the leaf page does not have enough space, we first split the



124

leaf page and then insert the records of the mini-page into the corresponding leaf pages.
Once all records are merged into the leaf, we can discard the mini-page and reuse the
memory.

Copy mini-page to tail. When a mini-page is accessed while it is in the second-
chance region, it is copied to the tail address. This prevents a frequently accessed mini-page
from reaching the head address and, thus, being evicted to disk. We simply allocate a new
memory chunk from the circular buffer and copy the mini-page to the new location. The
old address is marked as a tombstone, and eviction is not triggered. While copying a mini-
page to the tail, we also remove cold records from the mini-page (discussed below). This
means that a record in the mini-page is evicted to disk if it is not accessed while it is in the
in-place update region, and the entire mini-page is evicted to disk if it is not accessed while
in the second-chance region.

Evicting cold records. Mini-pages cache hot records, which can become cold over
time. Cold records are evicted to disk when a mini page is copy-on-accessed in the second-
chance region. Bf-Tree takes this opportunity to examine all records and only keep hot ones
on the new mini page. Hot/cold records are differentiated by their reference bit in the meta
data; if set, the record is kept, otherwise evicted. The reference bit is set when a record is
accessed. When eviction starts, we evict all records whose reference bit is 0 and clear all
other reference bits. If a cold record is a cache record (read cache or phantom record), we
can directly discard it without writing back to the leaf page. If the record is dirty (insert or
tombstone), we merge the entire mini-page to the leaf page (maximizing the utility of the
disk write) while retaining the hot records in the mini-page.

Leaf page split. Like a conventional B-Tree, a leaf node splits into two nodes when
it is full. For Bf-Tree, an insert always tries to insert to the mini-page first. A full (4KB)
mini-page that can no longer absorb new records triggers an eviction, followed by a split
operation of the leaf page. When the split happens, each of the remaining records in the

mini-page is compared with the split key to determine which leaf page should be inserted.

6.4.6 Handling negative search

A common problem with existing record-caching systems is that they do not handle
negative searches well. A negative search is an operation that tries to find a key-value pair
that does not exist in the system. Existing record-caching systems only assert the existence

of a key-value pair; if a record is not found in the cache, it either means the record is not
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cached or means the record does not exist. Those systems then need to look up the leaf
page to confirm the record’s existence, which is inefficient.

Bf-Tree solves this problem as follows: we cache the negative search result by inserting
a phantom record into the mini-page. The observation is that the negative record is like
any frequently searched record; we cache them in the mini-page. We note that advanced
techniques such as Bloom filters [58] can improve the negativity test, but we leave this as

future work as they may add significant design complexity.

Record type Dirty? Existence?

Insert True True
Cache False True
Tombstone True False
Phantom False False

Table 6.1: Four types of records in a mini-page.

So far we have discussed four types of records (Table 6.1) in a mini-page: insert, cache,
tombstone, and phantom. Each of the types indicates the dirty and existence property of a
record — a dirty record must be written back to the leaf page when the mini-page is merged,

and the existence tells whether a record exists in the system.

6.4.7 Snapshotting, logging, and recovery

Bf-Tree is compatible with standard snapshotting, logging, and recovery mechanisms. Bf-
Tree currently implements a simple ARIES-style [126] physiological logging mechanism;
more advanced mechanisms are left as future work. Logging. Before any write operation
is committed, it must append a log entry to the WAL (write-ahead-log) and wait (log full
or default 1ms interval) until the log is flushed. The log entry points to a page on disk and
describes an operation (e.g., insert, delete). Snapshotting/Checkpointing. Like Aurora
[167], Bf-Tree checkpointing is done asynchronously and continuously offline by replaying
the WAL entries in parallel. Online snapshotting is also implemented by pausing the write
operation and writing back the dirty mini-pages to disk. The mapping table is appended
to the last pages of the snapshot file. Inner pages are also written back to disk for faster/
simpler recovery. A special mapping table is generated and appended to the snapshot file

to map the inner pages’ virtual memory addresses to the physical disk offset. Recovery.
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Bf-Tree recovery consists of two steps: (1) build the in-memory representation from the
snapshot file, (2) replay the WAL to recover to the latest state. We first load the special
mapping table mentioned above to rebuild inner pages. Then for every inner page, we use
the mapping table to find the physical disk offset and load it into memory. We recursively
resolve and load its children’s pages. Replaying the WAL consists of simply finding the

corresponding page and re-applying the operation.

6.5 Evaluation

Bf-Tree re-designs the traditional B-Tree using variable-length buffer pools and mini-pages.

In this section, we compare the performance of Bf-Tree with state-of-the-art key-value

stores. Specifically, we aim to answer the following questions:

« How does Bf-Tree compare against RocksDB [48], conventional B-Tree, its modern
variants [22, 38, 102], and Leanstore [98] on various workloads?

« How does Bf-Tree perform on different workloads, contentions, and cache sizes?

« Where does Bf-Tree spend its time on its different components?

6.5.1 Experimental setup

We run a YCSB-like benchmark with 200 million initial records, each of which is 32 bytes
(16-byte key and 16-byte value). We used a Zip-f distribution with a skew factor of 0.9
(80% of requests access 33% of records); more distributions will be explored in the skewness
section

The default workload consists of 50% of reads and 50% of writes with 2GB memory
cache. We warm up the system, repeat the benchmark five times, and report the best
throughput.

We implemented Bf-Tree in 13k lines of Rust. We use the latest io _uring feature of the
Linux kernel for efficient IO. Specifically, we use the kernel polling mode [17, 68], which
creates dedicated kernel polling threads to perform direct IO with zero system calls and
bypass the OS page cache. The benchmark is performed on a CloudLab machine sm110p,
with 32 hyper-threads clocked at 2.4GHz, 128 GB of memory, and 1TB of NVMe PCle 4.0
SSD with over 600k IOP/s. It runs Ubuntu 22.04 with kernel 5.15 and ext4 as the filesystem.
Logging/snapshotting/checkpointing are orthogonal to the core design of Bf-Tree and are

disabled for all baselines.
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We use lightweight formal methods [26] to validate the correctness of Bf-Tree
implementation. Specifically, we employ differential fuzzing to check that Bf-Tree acts
semantically the same as our reference model (the B-Tree in Rust’s standard library), run
Bf-Tree on CloudLab [50] using with libfuzzer [146] with address sanitizer [145] to contin-
uously check for memory issues (e.g., memory leak, use-after-free). We use shuttle [26] to
deterministically and systematically explore different thread interleaving to uncover the
bugs caused by subtle multithread interactions. We leverage Rust’s reference model [83] to

statically check that all accesses to mini-pages are safe.

6.5.2 Baselines
We compare Bf-Tree with (1) RocksDB (commit 54d6286); (2) Bd-Tree (explained below);

(3) conventional B-Tree; (4) Leanstore (commit 677126¢); and (5) TwoTree. This section
discusses how we set up and configure the baselines. Due to the nature of the complex
high-dimensional configuration space, we only highlight the key configurations of each of
these systems.

RocksDB. RocksDB is the state-of-the-art LSM-tree-based key-value store. It is widely
used in production and is highly optimized for both read and write workloads. RocksDB has
three caching components: memtable, block cache, and row cache. The memtable absorbs
write operations and is flushed to disk when it is full; the block cache caches the blocks of
sstables, while the row cache caches individual records of sstables. It is up to the users to
configure how to use the memory in these three caches.

We spend half of the memory on writing and half on reading, among which half is on
the block cache and half on the row cache. For better performance, we enabled direct IO
and disabled fsync and WAL.

Conventional B-Tree. We implemented a conventional B-Tree from scratch in Rust.
For fair comparisons, the conventional B-Tree enjoys all optimizations from Bf-Tree except
the mini-page design, including hybrid latching, fence keys, prefix compression, look-ahead
bytes, and io uring based IO. In other words, the conventional B-Tree is Bf-Tree but with
page-level caching.

B3-Tree. To study the effect of delta records — like Bw-Tree [102] — we implemented a
B-Tree with delta records, which we call the BS-Tree. For fair comparisons, this implemen-
tation is also in Rust and has all the optimizations in Bf-Tree, except for the mini-page

design. The Bd-Tree is implemented to be as close in design as possible to the Bw-Tree, a
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state-of-the-art B-Tree used in production. To limit delta chains’ memory consumption, we
store all delta records and page cache into the same circular buffer similar to that from Bf-
Tree, thereby preventing the system from using excessive memory.

Leanstore. Leanstore [98] is a B-Tree optimized for both in-memory and larger-than-
memory workloads by reducing the overhead of the mapping table; Bf-Tree instead focuses
on improving caching efficiency and reducing write amplification. We include Leanstore
mainly to verify that Bf-Tree’s in-memory performance is not compromised by its novel
buffer pool design.

TwoTree. TwoTree [193] is a new index structure that reuses existing components to
build record caching systems. We compare with TwoTree to verify that our record caching

(achieved by mini-pages) is as performant as TwoTree.

6.5.3 Overall performance
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Figure 6.6: Bf-Tree vs. baselines on various workloads — Bf-Tree is the only system performing well on

all three representative workloads.
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This experiment examines how the five systems perform on the three most important
workloads in practice: point lookup, write, and scan. We use the default benchmark setup
mentioned in Section 6.5.1 and run each workload separately. Figure 6.6 (top) shows the
throughput (the higher the better) of the systems in these workloads with 31 threads, and
Figure 6.6 (bottom) shows the corresponding disk IO per operation (the lower the better).
Figure 6.1 previewed this result as a three-dimensional summary across point lookup, scan,
and update.

For write, conventional B-Tree performs the worst, as a single record update would
incur a full page write, as evidenced by the highest disk IO per operation. Bd-Tree, RocksDB,
and Bf-Tree all implement write buffers that batch write operations, leading to lower disk
IO per operation. Bf-Tree is faster than B3-Tree because its mini-pages can grow larger
and absorb more writes before flushing, whereas Bd-Tree caps its delta chains at about 10
records. While having higher disk I0/operation, B3-Tree performs similarly to RocksDB
due to its more efficient IO handling (e.g., zero-copy I0) and more efficient in-memory data
structure.

For point lookup, Bf-Tree and TwoTree stand out, as they employ record-level caching
in the mini-page, which is more efficient at identifying individual hot records. B-Tree and
B-Tree use page-level caching, which leads to similar throughput and disk IO. RocksDB’s
row cache also helps to improve caching efficiency, as indicated by the fact that its disk IO
is lower than B3-Tree and B-Tree. However, RocksDB’s in-memory skip list is less efficient
than B-Tree based implementations, leading to similar throughput.

For range scan, all B-Tree based systems perform similarly, as they all cache the entire
leaf page in the memory, preserving record locality and allowing efficient scan. RocksDB
performs the worst, as it needs to scan all levels of the sstables and merge the results,
leading to higher disk IO per operation.

This experiment provides a high-level view of the system’s performance on different
workloads. It shows that Bf-Tree is the only system that can perform well in all three

representative workloads, making it a good choice for general purpose key-value store.

6.5.4 Scalability

This section examines the scalability of Bf-Tree and the baselines for larger-than-memory

and in-memory workloads.
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Figure 6.7: The scalability of Bf-Tree vs baselines. — Bf-Tree scales well before saturating the SSD
bandwidth. RocksDB does not saturate the bandwidth at thread 31.

Figure 6.7 uses the default workload (50% read and 50% update) and varies the number
of threads. All systems scale well before reaching the maximum disk bandwidth. Among
them, Bf-Tree performs the best, with the lowest write amplification and the most efficient
caching. Its efficient io-uring-based IO handling also allows it to scale well without being
bottlenecked by the kernel overhead.

Bf-Tree, BS-Tree, and B-Tree saturated the disk bandwidth at 31 threads, with a scale
factor of 19.2x, 15.1x, and 17.0x, respectively. BS-Tree is worse than RocksDB (17.5x)
because it does not have recording-level caching like the row cache in RocksDB. B-Tree is
the worst among the four systems, as its page-granularity caching is inefficient and incurs

high write amplification.
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Figure 6.8: In-memory performance compared with Leanstore. — When data fits in memory, Bf-Tree, B-
Tree, Bo-Tree fold in a similar design. This is a sanity check that Bf-Tree’s in-memory performance is

as good as the state-of-the-art Leanstore.
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Figure 6.8 uses the same workload as the previous experiment but ensures that the data
fits in memory. When data fit in memory, Bf-Tree, B-Tree, and Bd-Tree fold in the same
design. This experiment compares them with Leanstore, a state-of-the-art B-Tree that is
highly optimized for in-memory workloads. Leanstore uses pointer swizzling to reduce the
overhead of the mapping table; its techniques are complementary to Bf-Tree’s, we include
Leanstore here to sanity check that Bf-Tree’s in-memory performance is not compromised
by its mini-page design. At low thread count, Leanstore performs slightly better than Bf-
Tree, as it avoids the mapping table overhead in Bf-Tree, specifically, for each operation,
Leanstore may have one less cache miss than Bf-Tree. At high thread count, Bf-Tree
performs slightly better than Leanstore, reaching a scale factor of 23.9x as opposed to 14.5x
of Leanstore, indicating that Bf-Tree is more efficient at handling contention. Note that Bf-
Tree’s techniques can be applied to Leanstore, and vice versa, and we leave it to future work
to apply the Leanstore’s techniques to Bf-Tree. Leanstore performs similarly to baseline B-

Tree for larger-than-memory workloads, as they both use page-level caching.

6.5.5 Latency
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Figure 6.9: Latency distribution of Bf-Tree vs baselines. — Bf-Tree has the best 50th and 99th percentile
latency due to its efficient caching and IO handling.

This experiment examines the latency distribution of Bf-Tree and baselines with read-
only workload and single thread execution. The x-axis shows the latency in nanoseconds,
and the y-axis shows the cumulative latency distribution, starting from 0% to 100%. We

measured the end-to-end latency of the systems, i.e., from issuing the request to the system
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returning the result. We used dashed vertical lines to show each system’s 99th-percentile
tail latency.

Figure 6.9 shows that all systems present a two-stage latency distribution: when data
is cached in memory, the latency is around 1us, and when accessing data from disk, the
latency increases 100x to around 100us. Bf-Tree’s variable length mini-pages allow it to
cache more records in memory, leading to an almost 75% cache ratio. In contrast, all other
systems can only cache around 50% of the records, leading to the lowest 50th percentile
latency of 1.18us, while B8-Tree, RocksDB, B-Tree has the 50th percentile latency of 1.61ps,
1.86ps, and 58.7ps, respectively. When data is larger than memory, Bf-Tree has the lowest
99th percentile latency (70ps), almost 2x lower than RocksDB (131ps), thanks to its efficient
zero-copy zero-syscall IO handling.

The multiple latency spikes in RocksDB are due to the LSM tree’s multi-level structure.
The last few latency spikes of B-Tree and Bd-Tree are due to cache replacement, where
new pages are being promoted to cache and old pages are being evicted to disk. Bf-Tree

also presents a similar stair pattern but a much smaller spike due to its high cache ratio.

6.5.6 Skewness

Uniform Zipf (0.6) Zipf (0.8) Zipf (1.0)

Figure 6.10: Impact of workload skewness. —Bf-Tree performs consistently the best across all skew levels.

Figure 6.10 shows the impact of workload skewness on the systems’ performance, from
Uniform distribution to Zipf distribution with a skew factor of 1.0. This experiment evalu-
ates how well the systems can handle workload skewness and whether they can handle
high contention. The performance of all systems increases as the workload becomes more
skewed, as the hot records are more likely to be cached in memory. Bf-Tree consistently

performs the best, and its performance is the most pronounced when the workload presents
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a high skew. This is because Bf-Tree’s record-level caching is more efficient at identifying
hot records than the page-level caching used in B-Tree. RocksDB also has a row cache, but
its row cache memory budget is divided among memtable, block cache, and row cache,
leading to less efficient caching and Bf-Tree which can adapt the entire memory for record
caching. Similarly, Bd-Tree’s delta chains and the page cache compete for the same memory
budget, leading to less efficient caching than Bf-Tree.

All systems perform poorly on uniform distribution, as caching is less effective when
every record has equal hotness. In this case, Bf-Tree still has the best caching ratio because
its mini-page design can better handle the internal fragmentation of the leaf pages. Practical
B-Tree leaf pages only have about 70% of the space used due to the nature of page splitting.
When caching the entire page in memory, this leads to a 30% waste of memory. Bf-Tree’s
mini-pages will dynamically grow and shrink to fit the actual number of records in the

page, leading to a better caching ratio.

6.5.7 Read write ratio.

w

21-5 B6-Tree B B-Tree
O B RocksDB B BfTree
=1.0

5

o 0.5

o

= 0.0

Write only Write mostly Balanced Read mostly Read only

Figure 6.11: Impact of read and write workloads.

Figure 6.11 shows the impact of read and write workloads on Bf-Tree and baseline systems.
For systems that implement buffered write, e.g., Bf-Tree, Bd-Tree, and RocksDB, the
throughput is higher with more write operations. This is because most write operations are
buffered in memory and only flushed to disk when the buffer is full. But for read operations,
each cache miss incurs a random disk IO to read the data from the disk. For conventional B-
Tree, a higher read ratio leads to better performance, as read operations incur one read IO,
while write operations incur both read and write IO. Overall, Bf-Tree performs significantly

better than the baselines in all read and write ratios. This is because Bf-Tree’s mini-page can
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cache individual hot records and absorb write operations, leading to the best performance

across all read and write ratios.

6.5.8 Cache sensitivity
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Figure 6.12: Impact of cache size.

Figure 6.12 examines the cache sensitivity of Bf-Tree and baseline systems. We used a
read-only workload and varied the memory size from 256MB to 4GB, and reported how
their throughput changed in response to the cache size. As memory size increases by
16x, RocksDB’s performance steadily increases but only to 2.2x, indicating a low caching
efficiency. Bd-Tree and B-Tree perform similarly as they both use page-level caching for the
leaf pages, with an increase of 4.7x and 3.3 x, respectively. In particular, both B§-Tree and B-
Tree have a slow performance increase when most data are on disk and a fast performance
increase when most data are in memory, consistent with previous study [74]. Bf-Tree has
a similar performance increase of 4.1x and is consistently the best across all memory sizes.
The gap between Bf-Tree and the baseline systems is wider when most data are on disk,
showcasing Bf-Tree’s efficient caching mechanism. The gap becomes narrower when most
data are in memory, as all B-Tree based systems fold to the same design when data fit in

memory.
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6.5.9 Time-component analysis
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Figure 6.13: Time spent on different components of the system — Recreated from the flamegraph [66]
for better clarity.

Figure 6.13 shows the flamegraph [66] of the Bf-Tree for a read-only in-memory workload.
Larger-than-memory workloads present similar results, except that >95% of the time is
spent on disk IO.

The inner node search takes roughly half the time, involving multiple inner node
searches, one mapping table read, and one leaf node search. Searching an inner node first
loads the metadata for key-value pairs, then binary searches the keys to find the next level
pointer, and finally loads the next node. Each mapping table access first locates the slot
from page ID, then loads and acquires a reader lock on the mapping table and uses the
physical address to load the leaf page. Leaf page search is similar to inner-node search.

Multiple inner node searches spend similar time to one leaf node search. This is because
inner nodes are more frequently accessed, most of which can fit in the CPU cache, while leaf
node access is less frequent and almost always needs to load from memory. The mapping
table uses only 12.8% of time, requiring only one memory access for address translation
and lock acquisition.

Within inner and leaf node searches, they spend similar time on metadata load and
binary search, as they have the same page layout and optimizations. Among binary
searches, roughly one-third of the time is spent comparing the key bytes, and the rest is

spent loading data from memory.
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6.5.10 Copy-on-access region size
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Figure 6.14: Impact of copy-on-access region size (% of total circular buffer size).

Figure 6.14 varies the copy-on-access region size from 0% to 100% of total circular buffer
size, the y-axis shows the corresponding throughput. At 0%, the buffer acts like a FIFO
queue, demonstrating low runtime overhead but low caching quality. At 100%, the buffer
acts like a strict LRU cache, demonstrating high runtime overhead but high caching quality.
Bf-Tree by default chooses a 10% copy-on-access region size, which balances the trade-off

between runtime overhead and caching quality.

6.5.11 Impact on promotion rate
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Figure 6.15: Impact of promotion rate: the probability of promoting a record from a disk page to its

mini page.
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Figure 6.15 varies the promotion rate (the probability of promoting a cold record to
cache) from 1% to 100%. The x-axis shows the time since a workload change, and the y-
axis shows the throughput. When the promotion rate is low (e.g., 1%), the system favors
caching frequency and responds slowly to workload change but might converge to a higher
throughput. When it is high (e.g., 100%), the system favors caching recency and converges
quickly but ends up with a lower throughput as it disrupts the cache by promoting cold
records. Bf-Tree by default chooses a 20% promotion rate, as it balances the trade-off

between recency and frequency.

6.6 Closing the three-axis story

This chapter completes the three-axis White-Box story. LiquidCache (Chapter 4) attacked
the representation axis by transcoding cached data into a query-friendly encoding chosen
adaptively from the workload. SqueezeCache (Chapter 5) attacked the content axis by re-
taining only the fragments of each cached column that the workload actually uses, treating
fidelity as a spectrum rather than a binary. Bf-Tree, presented in this chapter, attacks the
granularity axis by decoupling cache pages from disk pages, so that the cache holds the
judiciously chosen subset of each page worth caching — a few hot records, a buffer of recent
updates, or the full page when range scans warrant it.

The Bf-Tree result restated. We presented a novel B-Tree variant optimized for point
lookup, write, and range scan workloads. A mini-page design achieves low write ampli-
fication and efficient caching by separating cache pages from disk pages, and a novel
variable-length buffer pool, built on a circular log, manages those mini-pages concurrently.
We implemented Bf-Tree in 13k lines of Rust with strong correctness guarantees; on a
YCSB-like benchmark Bf-Tree is 2x faster than RocksDB on range scans, 6x faster than a
conventional B-Tree on writes, and 2x faster than both on point lookups, and matches in-
memory B-Trees when data fits in memory.

Together with the I/O substrate of Chapter 7, the three contributions form a coordinated
demonstration that a cache given permission to see inside the data it holds — the encoding,
the content, the granularity — recovers work that the rest of the stack would otherwise
repeat, query after query and update after update. The remainder of the dissertation
discusses the engineering required to build and ship these ideas (Chapter 7), surveys the

related work across all three axes (Chapter 8), and concludes (Chapter 9).
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Chapter 7

Engineering Lessons from
Building White-Box Caches

The three contributions of this dissertation — LiquidCache (Chapter 4), SqueezeCache
(Chapter 5), and Bf-Tree (Chapter 6) — are not just research prototypes that live only
inside a benchmarking harness. LiquidCache and SqueezeCache form a single open-source
codebase of over fifty thousand lines of Rust, deployed in production by a small but real
community of users; Bf-Tree is a separate 13,000-line implementation built on the same I/O
substrate. This chapter is about what building and shipping those systems taught us — not
the mechanisms themselves, which the preceding chapters covered, but the engineering
required to make White-Box caching real.

Earlier chapters reported what White-Box caching buys: order-of-magnitude reduc-
tions in CPU, memory, and I/O. This chapter reports what it costs to build. A cache that
understands the encoding, contents, and access granularity of its data has far more to get
right than one that treats data as opaque bytes. A cache that chooses its own encoding
must account for its own memory; a cache that manages its own disk must guarantee its
own crash consistency; a cache that invents its own data layout must prove that the layout
behaves like the one it replaced. The performance wins of the earlier chapters are only half
the story; this chapter is the other half - the obligations those wins created, and the design
choices that kept them manageable.

The engineering outcomes are concrete. The techniques are organized into five crates
that let any analytical engine adopt them one at a time, and SqueezeCache now ships as the
default eviction mechanism of the open-source project. The disk-management substrate is
formally verified with Verus; the most aggressive data-layout deviation in the dissertation
- squeezed strings — is checked continuously by differential fuzzing against Arrow’s
reference implementation. Roughly five thousand lines of the underlying techniques have

been merged upstream into Apache DataFusion, Arrow, and Parquet, where the StringView
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representation and a rewritten Parquet decoder are now defaults that benefit engines with

no connection to this dissertation.

Each section that follows isolates one of these obligations and the design choice that
kept it manageable:

1. Adoption. White-Box techniques are invasive — they override decisions the host engine
would otherwise make for itself — so they must be separable enough to adopt one at a
time (Section 7.1).

2. I/O ownership. A cache that wants NVMe-class throughput and exact memory
accounting must take over the I/O path from the OS, yet without forcing an I/O runtime
on the engines that embed it (Section 7.2).

3. Crash consistency. A cache that manages its own disk inherits the filesystem’s correct-
ness obligations, on exactly the code paths where bugs are unreproducible (Section 7.3).

4. Representational equivalence. A cache that invents a leaner data layout must remain
behaviorally indistinguishable from the standard layout it replaced (Section 7.4).

5. Metadata cost. Fine-grained caching multiplies the number of entries to track, so the
index over them must itself be nearly free (Section 7.5).

6. Externalization. Much of what makes a White-Box cache fast is not cache-specific
at all, but a latent improvement to the shared substrate — best returned upstream
(Section 7.6).

The chapter closes with the cross-cutting lessons these experiences add up to (Section 7.7).

7.1 A modular core for an invasive technique

A White-Box cache earns its performance by overriding decisions the host engine would
otherwise make for itself — how bytes are encoded, when they are evicted, how predicates
run against them. That is precisely what makes such techniques hard to adopt: a system
that intrudes on so many of the engine’s responsibilities is easy to reject wholesale. The
first engineering requirement, then, is that the intrusion be separable — that an engine can
hand the cache the one decision it wants reclaimed and keep the rest. The LiquidCache
codebase is structured to make that possible, splitting into five crates along the disaggre-
gation boundary.

+ liquid-cache-core is the cache’s engine-agnostic core.
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It holds the Liquid format implementation, the transcoding pipeline, the pushdown

evaluation logic, the squeeze mechanism, the variable-length buffer pool, and the disk-

management substrate. As a self-contained library, it can be embedded in any analytical

system, not just DataFusion.

« liquid-cache-datafusion is the DataFusion integration layer.

It provides a Parquet reader that transparently delegates to LiquidCache, an optimizer rule

that rewrites query plans to push down filters and projections, and a TableProvider that

swaps in for the standard Parquet TableProvider with a one-line code change.

+ liquid-cache-local embeds the cache in the same process as the DataFusion engine —
the deployment used when the cache and compute share a machine.

« liquid-cache-server and liquid-cache-client together form the disaggregated
deployment.

The server runs the embedded query engine and serves filtered batches over Arrow Flight;

the client exposes the same TableProvider as liquid-cache-local but transparently

proxies to the server.

Together the five crates contain roughly fifty thousand lines of Rust, plus another five
thousand lines contributed upstream to DataFusion, Arrow, and Parquet (Section 7.6). The
split exists for more than tidiness. Because each crate corresponds to a single reclaimed
decision - the format and squeeze logic in the core, disaggregation in the server/client pair,
in-process embedding in liquid-cache-local - an adopter can take only the decisions
it wants, each White-Box contribution can be tested in isolation, and external systems
can pick up the Liquid format without the disaggregation, or the disaggregation without

committing to DataFusion.

7.2 Owning the I/0 path without imposing it

As long as a cache hands its bytes to the operating system, the OS page cache will cache
them a second time, evict them on its own schedule, and hide their cost from the cache’s
own memory budget. For a black-box cache that is a convenience. For a White-Box cache it
is corrosive: the entire premise of SqueezeCache is that the cache knows, to the byte, what it
holds and why - a claim the page cache silently falsifies by double-caching data behind the
cache’s back and making its own replacement decisions. Taking control of representation

and content therefore forces a third move: taking control of the I/O path itself. The difficulty
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— and the substrate that LiquidCache (Chapter 4) and Bf-Tree (Chapter 6) share - is to do
so without forcing that control onto the engines that embed the cache.

The conventional I/O path cannot keep pace with modern NVMe SSDs, whose band-
width now approaches that of main memory. In one of our setups, memory bandwidth
is about 80 GB/s while disk bandwidth is about 14 GB/s per drive; with five drives the
aggregate reaches 70 GB/s. If we perform I/O using pread, the kernel incurs a double copy
on each read — one from disk into the kernel page cache, another from the page cache
into user space. The theoretical maximum bandwidth is therefore only half of memory
bandwidth, around 40 GB/s, well below what the hardware can deliver.

To avoid the double-copy issue, three main approaches exist: (1) mmap, (2) kernel bypass
via SPDK or similar, and (3) the modern Linux I/O stack, io_uring. mmap is an OS mechanism
that maps a file into memory and lets the OS bring pages from disk on page fault; from the
programmer’s perspective it is the least-friction approach. But mmap has serious drawbacks:
it is unpredictable whether a memory access will cause a page fault, which is unacceptable
for a user-space asynchronous runtime such as Tokio (in which a non-async function must
be non-blocking), and mmap does not scale to high thread counts due to the overhead of
setting up the page table and TLB shootdowns. Kernel bypass via SPDK often provides the
highest performance, as it bypasses the kernel entirely and manages everything in user
space; but it is hard to set up and maintain, requires the program to own the whole device
with no filesystem in the way, and demands root privileges. io_uring, the modern Linux
solution for efficient I/O, lets user-space programs and the kernel share the same set of
buffers. Learning from the over-simplified pread interface, io_uring offers a comprehensive
solution — but that flexibility comes at a cost. There are many ways to perform I/O with
io_uring, each with trade-offs that are not obvious to the user. The rest of this section
describes how we extract NVMe-class throughput from io_uring while keeping the cache’s

interface indistinguishable from ordinary async code.

7.2.1 Async I/O in the Rust ecosystem

Owning the I/O path means confronting how immature asynchronous file I/O still is.
Unlike the synchronous pread API, where the OS abstracts away the complexity of I/O
management, efficient I/O requires coordination across the entire stack: (1) the OS must
expose a non-blocking I/O primitive; (2) the user-space asynchronous runtime must build
on that primitive, ideally behind a unified API for both networking and file I/O; and (3) the
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application must be structured to be non-blocking - restructuring requests so they can be
batched, interleaving compute with I/O, and so on.

Rust provides a low-level io_uring library with zero-overhead abstractions that Liquid-
Cache can use directly. What Rust lacks is a standardized asynchronous runtime. This is
a double-edged sword: it leaves room for performance optimization, but it also fragments
the ecosystem. Notably, the most widely used runtime, Tokio, does not support io_uring
directly; all of its I/O is performed by a pool of blocking worker threads. Other runtimes,
such as smol, do support io_uring, but adopting one would require rewriting every Tokio-
specific I/O call against the new runtime’s APL

Restructuring the application to fit the io_uring model is usually the hardest part, often
demanding substantial refactoring — a difficulty documented across several prior works.
Fortunately, LiquidCache builds on DataFusion, a well-engineered query engine whose

execution model already accommodates flexible I/O.

7.2.2 A runtime-agnostic interface

The cache does not get to choose its host’s runtime. A caching library that imposed
io_uring, or any particular async runtime, on the systems embedding it would be unadopt-
able — it would trade one form of opacity for a worse form of coupling. LiquidCache
therefore faces two constraints specific to its role as a library: (1) it must remain runtime-
agnostic, imposing no particular asynchronous or I/O runtime on its users; and (2) it must
not burden the user with anything beyond ordinary async functions.

Concretely, LiquidCache’s interface should be no more complex than async fn
get(key: &str) -> Result<Vec<u8>> and async fn insert(key: &str, value:
&[u8]) -> Result<()> - indistinguishable from the equivalent calls a user would write

against Tokio. All of the io_uring machinery lives behind that boundary.

7.2.3 The I/0-thread model

The design that satisfies those constraints concentrates all I/O behind a single thread, so
that the aggressive internals never surface in the interface. LiquidCache dedicates one
thread to all I/O: it submits requests to the kernel and polls for their completion. To reduce
contention inside the kernel, this thread maintains several io_uring instances. Worker tasks

— those executing queries, for example — hand their I/O requests to the I/O thread over a
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message-passing channel. We provide our own read and write primitives that transparently
forward a request to the I/O thread and await its completion, so that application code sees
only ordinary async functions.

Several alternative designs are possible. The first gives each worker its own io_uring
instance and lets it submit to the kernel directly. This reduces contention on any single
instance, but it multiplies the number of rings to allocate and manage, and it still requires a
thread to poll for completions. The second moves completion polling into the asynchronous
runtime itself, so that the scheduler polls for I/O completion just as it already does for
network readiness via epoll. This is the cleaner design — it mirrors how networking is
already handled — but Tokio does not support it today, and will not until a future major
release. We chose the dedicated-thread model precisely because it delivers control over I/O
while asking nothing of the host runtime: it works under any runtime, and it can be retired

in favor of the cleaner scheduler-integrated design once the ecosystem catches up.

7.2.4 Reimplementing a slice of the filesystem

LiquidCache’s unit of caching is a single batch — typically 8192 rows, or a few kilobytes on
disk. The naive approach stores each batch as its own file and leaves space management and
lookup to the filesystem. This sufficed for our initial implementation, but as LiquidCache
reached production we heard two recurring complaints from users: the scheme creates an
enormous number of small files, which can quickly exhaust the system’s inode budget,
and repeatedly opening and closing files is expensive. This is the same pattern as the page
cache, one level down: the filesystem offers functionality LiquidCache does not need -
permission control, file locking, directory hierarchy - at the price of excessive metadata
and system-call overhead. A White-Box cache that already manages its own bytes is better
off managing their on-disk home as well.

Newer versions of LiquidCache therefore store all batches in a single file, sharing one
inode and one file descriptor, and manage space allocation and lookup themselves. Each
batch is rounded up to a 4 KB boundary; to store a batch, LiquidCache allocates a contiguous
4 KB-aligned block and writes the batch into it. An in-memory index maps each batch ID
to its disk offset and size. The file also reserves special pages that hold a write-ahead log
of mutations — inserting an entry, deleting an entry, and so on. A deletion first appends a
deletion record to the log and then removes the entry from the in-memory index, which is

reconstructed by replaying the log when the file is opened.
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Over time the file accumulates free space, leaving holes between live batches. Liquid-
Cache runs garbage collection to (1) locate the holes, (2) copy live data from the tail into
them, and (3) append log records noting the relocations. Collection is triggered once the
ratio of deleted to total data exceeds a threshold (e.g., 10%). Because it only appends reloca-
tion records, garbage collection never blocks ongoing reads and writes and so introduces no
latency spikes; it does, however, consume disk bandwidth, so a natural future optimization
is to run it only when the disk is underutilized.

The log itself grows with every mutation, consuming space and lengthening startup.
LiquidCache periodically performs a deep compaction — akin to snapshotting — that
rewrites the log to retain only the latest state of each entry. Deep compaction stops the
world and runs infrequently (e.g., once a day). Even so, startup remains O(n) in the number
of batches. A disk-resident index, loaded directly at startup, would remove this cost, but
engineering one is non-trivial and tends to be slower than an in-memory index on the
hot path.

The decision that closes the loop is to always use direct I/O. The kernel page cache
works against everything this section set out to achieve: it complicates memory accounting,
it delivers unpredictable performance (we have no control over its replacement decisions),
and it double-caches data the cache already holds, wasting memory. With direct I/O, Liquid-
Cache is the only significant cache in the query engine and can account for its own memory
precisely against its budget — the byte-exact self-knowledge on which SqueezeCache’s

content management depends, and the reason owning the I/O path was worth the trouble.

7.3 Inheriting the OS’s correctness burden

The previous section ended with the cache managing its own single-file store — its own
write-ahead log, free-space allocator, and index. In doing so it took over a job the filesystem
used to do, and with it the filesystem’s hardest obligation: never lose or corrupt data
across a crash. This is the sharpest instance of the chapter’s theme - the more the cache
takes over from the operating system, the more it must get right. The filesystem and page
cache spent decades making crash consistency boring; a cache that bypasses them to gain
control and accounting inherits that problem in full, on exactly the code paths - log replay,
space allocation, garbage collection — where bugs surface only under a crash at the wrong

microsecond and are nearly impossible to reproduce. The disk-management substrate is
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thus both the part of the codebase most likely to silently corrupt data and the part where
bugs are hardest to find by testing. We therefore verify it directly with Verus, an SMT-
backed verifier for Rust.

Our verification targets three invariants. Write-ahead logging is verified to durably
persist every committed insert and delete before any in-memory state is acknowledged, so
that crash recovery can reconstruct the index from the log alone. The in-memory index is
verified to track exactly the live entries in the data file, with no dangling pointers and no
stranded extents. Space management is verified to never allocate the same byte range to
two entries and to reclaim freed ranges correctly during garbage collection.

Unlike protocol verification, where the verified artefact is a model that an unverified
implementation refines, we verify the Rust implementation directly. The verified module
compiles and runs at full speed; the proof obligations are discharged at compile time and
erased from the runtime binary. For the parts that can silently corrupt data, we found it

cheaper to discharge that obligation once with a proof than to chase it forever with tests.

7.4 Staying equivalent to the format you replaced

A White-Box cache that controls its own representation is free to invent data layouts the
rest of the stack has never seen. SqueezeCache’s squeezable string layout (Section 5.3.1) is
the most aggressive such invention in this dissertation: it drops bytes, inlines only prefixes
and fingerprints, and re-hydrates from disk on demand. But the engines reading from the
cache were written against Arrow’s standard string layout and must not be able to tell
the difference. Freedom over representation thus comes with an equivalence obligation:
under every mix of inserts, queries, evictions, and re-hydrations, the squeezed layout must
produce the same answers as the layout it replaced — precisely the property that unit tests,
written one case at a time, systematically miss.

We therefore subject the layout to differential fuzzing against Arrow’s reference string
array, treating the format we replaced as the specification the replacement must meet. A
fuzzer generates random schemas, random sequences of operations (insert, filter, project,
evict, hydrate), and random predicate workloads; both implementations process the same
sequence; the outputs are diffed bytewise. Discrepancies trigger automatic minimization to
a minimal failing case, which is then either fixed or whitelisted as an expected difference

(for example, our layout’s deliberate dropping of the variable-length buffer when a query
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touches only the prefix). The fuzzer runs continuously against the main branch and has
caught several behavioral divergences that the unit-test suite missed — most often around

edge cases at the boundary between in-memory and disk-resident representations.

7.5 The metadata cost of fine granularity

Breaking opacity tends to push caching to a finer grain. LiquidCache holds individual
batches rather than whole files; SqueezeCache tracks per-fragment squeeze state rather
than whole columns; Bf-Tree manages variable-length mini-pages rather than fixed disk
pages. Fine granularity is where much of the performance lives, but it carries a cost that is
easy to overlook: it multiplies the number of entries the cache must index, and that index
sits on the hot path of every lookup. A White-Box cache therefore needs an in-memory
index that is both compact and fast, or the metadata overhead quietly eats the gains that
finer granularity was meant to deliver.

A radix tree backs the in-memory index of the single-file store (Section 7.2) and
the catalog of cached row groups in the LiquidCache server. We implemented a SIMD-
accelerated, lock-free variant that supports concurrent insert, lookup, and range scan; the
implementation borrows from ART [99] for prefix compression and adds vectorized key
comparison for cache-friendly traversal at high fan-out. The radix tree is small enough
— about 3,000 lines of Rust — to merit its own implementation rather than a third-party
dependency, and tight enough that it does not show up as a hot spot in any profile we have

measured.

7.6 Returning the generic core upstream

A surprising fraction of what made these caches fast turned out not to be about caching
at all. To break opacity inside the cache, we repeatedly had to fix something in the shared
substrate beneath it - the in-memory string representation, the Parquet decoder, the
optimizer’s pushdown rules. Those fixes are not cache-specific; they are latent improve-
ments to interfaces that many systems share. We contributed them upstream to the Apache
Software Foundation, where they benefit any system built on DataFusion, Arrow, or
Parquet - including engines that have no connection to this dissertation — and where a far

wider set of workloads validates the technique than any single cache ever could.
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Arrow StringView. The squeezable string layout’s split header/buffer design (Sec-
tion 5.3.1) shares its roots with the StringView representation that we contributed to
Apache Arrow [70, 71]. StringView is now the default in-memory string representation
in Apache DataFusion and accelerates substring search, prefix comparison, and zero-copy
slicing across the wider Arrow ecosystem.

Parquet decoding pipeline. The Parquet reader in Apache Arrow Rust was rewritten
as part of LiquidCache’s effort to reduce decoding cost (Chapter 4). The new pipeline
shares decompression buffers between the predicate-evaluation pass and the projection-
materialization pass, eliminating one decompression step per filter. The change is now
default behavior for any DataFusion or DuckDB-via-Arrow-Rust user reading Parquet.

Filter-pushdown infrastructure in DataFusion. The optimizer rules that allow
filters and projections to be pushed into a custom TableProvider were extended to
support the multi-layer pushdown that LiquidCache requires (filters into the cache server,
residual filters above). The extension applies to any DataFusion TableProvider, not just
LiquidCache’s.

In total, roughly 5,000 lines of code have been merged upstream across these three
projects, with the corresponding pull-request history available in the Apache repositories
on GitHub.

7.7 Lessons learned

The sections above each traced one obligation that White-Box caching created and the
design choice that contained it. Stepping back from the individual systems, three lessons
recur across all of them - lessons that we suspect generalize to any system that trades
opacity for control.

More control means more to get right. Every performance win in this dissertation
came from the cache taking over a decision that some lower layer used to make: the
encoding, the eviction schedule, the on-disk layout, the I/O path. Each transfer of control
is also a transfer of responsibility, and the responsibilities do not shrink just because the
code that discharges them is now ours. A cache that manages its own disk inherits crash
consistency (Section 7.3); a cache that invents its own layout inherits the obligation to
behave like the layout it replaced (Section 7.4). These are precisely the obligations that
the layers we bypassed had spent decades making boring, and they fail on code paths —
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crash recovery, arbitrary operation interleavings — that ordinary testing covers poorly. The
lesson is that ambition at the level of performance has to be matched by rigor at the level
of correctness: formal verification and differential fuzzing were not optional polish but the
price of admission for taking control safely, and we expect that price to rise, not fall, as
White-Box techniques reach further down the stack.

Exhaust an interface before breaking it. It is tempting, once opacity is identified
as the enemy, to break every abstraction in sight. That instinct is wrong. Most of the wins
in this dissertation came not from new interfaces but from using existing ones more fully
— pushing filters through DataFusion’s optimizer (Section 7.6), riding Parquet’s existing
decode path, expressing all of our I/O as ordinary async functions (Section 7.2). An existing
interface that almost does what you need is worth far more than a new one that does it
exactly, because the existing interface comes with adopters, tooling, and years of hardening
for free. When a new interface genuinely is required, the discipline is to make it just large
enough to capture the decision being reclaimed and no larger: the runtime-agnostic I/O
boundary (Section 7.2) reclaims control of the I/O path while asking nothing of the host
runtime, and the five-crate split (Section 7.1) lets an adopter take one reclaimed decision
without the others. The cost of a new interface is paid by everyone who has to adopt it, so
it should be the smallest interface that still earns its keep.

Breaking an abstraction is easy; building one is hard. Anyone can reach through
an abstraction to grab the performance hiding behind it — inline the bytes, skip the copy,
special-case the hot path. The result is fast and brittle: it wins once, in one system, and
resists every subsequent change. The harder and more valuable act is to build a new
abstraction under which those optimizations become not a special case but the default — one
that other systems can adopt without understanding how the speedup works. StringView is
such an abstraction; so is the squeeze interface that lets an engine reclaim memory without
knowing how the bytes are stored. White-Box caching, despite its name, is an attempt at the
latter rather than the former: not a license to violate abstractions for speed, but a discipline
for finding the few new abstractions under which speed and opacity stop being at odds.

That is the harder path, and the one we believe is worth taking.
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Chapter 8
Related Work

The three contributions of this dissertation — LiquidCache, SqueezeCache, and Bf-Tree -
each sit at a different point in a rich landscape of caching, data representation, and storage-
system research. This chapter surveys that landscape thematically, grouping prior work by
the question it addresses rather than by which of our chapters cites it. Each section opens
with a body of related work and closes by positioning the relevant contributions of this

dissertation.

8.1 Caching architectures and policies

Caching is among the oldest topics in computer systems [14], and the literature on eviction
policy alone spans decades. Classical algorithms — LRU, LRU-K [131], ARC [122], 2Q [82],
CLOCK - balance recency and frequency to maximize hit rates. Recent simpler proposals
match or exceed them: S3-FIFO [177] replaces LRU’s complexity with three FIFO queues;
SIEVE [189] achieves competitive performance with a single FIFO and a moving cursor.
A parallel line applies machine learning to eviction (GL-Cache [176], Baleen [174]), and
recent cost-aware policies [28, 90] account for cloud pricing and consistency constraints.

Mechanism design has been similarly active. CacheLib [23] provides a production-
grade, tunable framework deployed at scale; predecessor research caches such as Crystal
[52] and federated caches such as Alluxio [4] serve cloud-native workloads. Elastic variants
such as CompuCache [188] and Ditto [148] exploit spot capacity, while InfiniCache [171]
builds cache state inside ephemeral serverless functions. Tiered-memory caches [73, 116,
129, 130, 141] span DRAM, CXL-attached memory, and NVMe to extend capacity beyond
local DRAM. Production cloud warehouses — Snowflake [162, 170], Google’s Napa [3],
Amazon Redshift [5, 137], BigQuery [123], Krypton [34], FoundationDB’s storage layer
[192] - each pick a different point in this space.
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The contributions of this dissertation are orthogonal to eviction policy and complemen-
tary to mechanism design. A White-Box cache can run any of the eviction policies above
and deploy on any of these substrates; what changes is the unit on which a policy operates
— an encoded Liquid fragment for LiquidCache, a squeezed batch for SqueezeCache, a

variable-length mini-page for Bf-Tree.

8.2 Pushdown and semantic caching

Pushdown moves operators closer to the data they read. The basic form — predicate
pushdown into the storage operator [158] — dates to the early relational systems; the cloud-
native resurgence has pushed filters into specialized hardware (FPGAs [149], SmartSSDs
[47], SmartNICs [88], DPUs [78]), into object-storage services (S3 Select [6], Azure Data
Lake [125]), and — closest to this dissertation — into the cache layer. FlexPushdownDB
[179, 180] and Fusion [117] explore cooperative pushdown that chooses between cache
and compute dynamically based on the cache’s CPU budget; both treat cached bytes as
opaque. LiquidCache attacks the decoding cost that makes such cooperative scheduling
necessary in the first place: by transcoding into a query-friendly format, the cache evaluates
predicates cheaply enough that pushdown is the right choice for most workloads, leaving
a residual placement decision — when filters are non-selective — that reduces to a simple
selectivity test rather than the CPU-budget-aware dynamic scheduling FlexPushdownDB
and Fusion require.

Semantic caches cache something other than the raw data. Result caching stores past
query outputs and serves only exact repeats; materialized views maintain pre-computed
sub-queries chosen by the user or system. Predicate caching [142] records which row
ranges have satisfied past predicates and accelerates subsequent scans. Time-series spe-
cializations such as STsCache [87, 105] and TSCache [112] exploit narrow regimes, while
ReCache [18] and ChronoCache [62] mid-tier-cache analytical results to anticipate user
behavior. All are precise about what is cached but rigid about how much: each entry is
present in full or not at all. SqueezeCache generalizes this family by treating fidelity as a
spectrum and the lineage that drives the squeeze decision as a per-column property of the

workload.
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8.3 Data representation and encoding

Analytical data has converged on a small set of public, columnar formats. Apache Parquet
[169] and Apache ORC [10] dominate on disk; Apache Arrow [93] is the corresponding
in-memory representation. Since Parquet’s 2013 release, a wave of encoding schemes
has aimed to compress harder or decode faster: FSST [25] for strings, FastLanes [1] for
SIMD-decodable bit-packing, ALP [2] for floating-point, with earlier streaming-time-series
variants Chimp [109], Gorilla [134], and ELF [106]. Frame-of-reference and dictionary
encoding are nearly universal building blocks; BtrBlocks [91] cascades these into a single
per-column scheme.

A second wave proposes outright replacements for Parquet — Vortex [156], Nimble
[124], LanceDB [95], and BtrBlocks itself — whose encodings are co-designed for fast
decoding. The technical case is compelling, but Parquet has accumulated a decade of
ecosystem support that none of these formats yet match [61, 89, 185], and even Parquet’s
own evolution is incremental [9]. LiquidCache takes a different path: it adopts the same
modern encodings inside the cache, leaving the on-disk file format untouched. Compres-
sion-aware execution — the principle that operators should evaluate against encoded data
when they can - generalizes this stance to the engine itself; MorphStore [40] is its purest
expression.

Beyond compression, lightweight per-block summaries accelerate pruning. Column
imprints [155], Sieve [166], and instance-optimized layouts [46] capture per-block statis-
tics; string fingerprints [157] target substring search in particular. SqueezeCache uses
fingerprints as one squeeze target for strings, but the broader idea - that any lightweight
summary structure can serve as a squeeze target once the cache knows when to ask for

one - is what the chapter argues.

8.4 Resource disaggregation

Cloud-native architectures disaggregate compute from storage; object stores such as S3
[5, 13, 128] hold petabytes while compute scales elastically. Building on this success,
researchers have pursued further disaggregation of memory and other resources. FaRM
[49], LegoOS [147], AIFM [140], Pond [104], TPP [120], Redy [187], and Hao et al. [73]
investigate disaggregated DRAM tiers built on RDMA or CXL. These approaches achieve
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physical disaggregation at the cost of specialized hardware. LiquidCache and SqueezeCache
pursue logical disaggregation in software: the cache server is an ordinary VM that runs an
embedded query engine and requires no hardware beyond what any cloud provider already
offers.

Serverless and ephemeral-compute models extend this disaggregation to the compute
side. Bauplan [163, 164] and cloud-function-based analytics [24] show that analytical com-
pute can be both ephemeral and cost-effective. InfiniCache [171] puts the cache itself into
ephemeral functions, trading state durability for elastic capacity. Bf-Tree’s I/O substrate
is designed to coexist with this regime: a runtime-agnostic, async-friendly disk layer that

does not assume long-lived processes.

8.5 Larger-than-memory range indexes

The B-Tree [65] has been the dominant range index for larger-than-memory data for half a
century, with countless variants. Bw-Tree [102, 173] and Be-Tree [22, 38] chain delta records
to batch updates; SplinterDB focuses on low read/write amplification. Leanstore [98] uses
pointer swizzling for in-memory efficiency. Two-Tree [74, 193], Anti-Caching [45], Siberia
[56], and TreeLine [182] overlay record caches on page caches to improve point lookups.
Each enhancement targets one symptom of page-aligned caching, but none changes the
underlying coupling between cache page and disk page; Bf-Tree addresses the coupling
directly.

The LSM-Tree [132] is the other major larger-than-memory index family, used in
RocksDB [48], LevelDB [64], BigTable [33], TiDB [79], and many others. Log-structured
writes reduce write amplification at the cost of slower reads and expensive compaction;
modern variants reduce compaction overhead (WiscKey [118] separates keys from values;
WALTZ [96] leverages ZNS SSDs) or improve filtering (Chucky [43] replaces Bloom filters).
Bf-Tree achieves write-amplification savings comparable to an LSM-Tree by batching
updates in variable-length mini-page write buffers, without paying the LSM read-and-
compact costs.

A third line of work targets the cache-fits regime. ART [99], Blink-hash [30], BP-
tree [103], HydraList [121], and Pea hash [114] optimize in-memory indexes for points
and ranges. FASTER [31, 32, 107] pushes hybrid log designs into hash-based larger-than-

memory KV stores. Bf-Tree’s in-memory performance is informed by these systems; its
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variable-length mini-page can be viewed as their generalization to the larger-than-memory

regime where some of the index spills to disk.

8.6 Modern hardware and I/O

Modern NVMe SSDs have closed much of the latency and bandwidth gap with DRAM [68],
prompting reconsideration of long-standing assumptions. 4 KB random writes can almost
saturate an SSD’s bandwidth [182], making log-structured writes less attractive than they
once were, and the conventional kernel-mediated I/O path is now a significant fraction of
every read’s cost. Kernel-bypass paths via SPDK [181] and io_uring [17] eliminate context-
switch and data-copy overheads; LiquidCache and Bf-Tree both build on io_uring through
the shared I/O substrate of Chapter 7.

Persistent memory and other emerging hardware have spawned a family of index
designs: BzTree [16], PLIN [190], NBTree [186], APEX [115], Halo [77], and Hamming-tree
[85] target byte-addressable persistent memory, with comprehensive evaluations in [75]
and [101]. Sherman [172] and Tiered Memory [74] propose systems for disaggregated and
tiered memory. PIM-Tree [84] targets processing-in-memory. Transparent-compression
SSDs offer yet another dimension: storage hardware that compresses internally can change
the relevant trade-offs at the file system and index layers [135].

These directions are complementary to this dissertation. White-Box caching is a
software architecture orthogonal to which substrate the cache runs on, and the mini-page
abstraction in Bf-Tree could be deployed on top of any of these emerging substrates — a

possibility we leave as future work.
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Chapter 9

Conclusion

This dissertation began with the observation that caching, despite half a century of refine-
ment, has remained a deliberately opaque abstraction. A cache accepts blobs, indexes them
by key, scores them by recency or frequency, and evicts them as a unit; the cache does not
know what is inside a blob, how it is encoded, which fields a query needs, or which bytes
are actually hot. For decades that opacity was a virtue. This dissertation has argued - and
the three system chapters have demonstrated empirically — that for modern data systems

it has become the bottleneck, and that a different stance is both possible and practical.

9.1 Summary

The reframing this dissertation proposes is White-Box caching: a cache, in a modern data
system, should be allowed to see inside the data it holds, understand the operations
being performed against it, and choose its representation, content, and unit accordingly.
The freedoms this opens up fall along three axes - representation, content, granularity
— each corresponding to a kind of information a black-box cache is forced to discard.
Chapter 3 developed the shared design vocabulary along which a White-Box cache exposes
these freedoms: a richer ingest/query/reflect interface, three information-flow channels
(schema metadata, pushdown protocol, access traces), and a four-state fidelity spectrum
that replaces the binary keep-or-evict decision of conventional caches.

The three system chapters each instantiated one axis.

LiquidCache (Chapter 4) took up the representation axis. By transparently transcoding
Parquet into an in-cache cascade of dictionary, FastLanes bit-packing, FSST, ALP, and
frame-of-reference encodings - each layer independently decodable — the cache evaluates
predicates against whichever encoded layer is most efficient for the predicate at hand. On
ClickBench and TPC-H, LiquidCache reduced cache CPU by up to 10x compared to Parquet

pushdown and network traffic by two orders of magnitude compared to file-serving caches,
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while keeping memory comparable to compressed Parquet. The Liquid format lives only
inside the cache, so the open lakehouse ecosystem continues to see Parquet, and several
of the underlying techniques — StringView and a rebuilt Parquet decoding pipeline — have
been upstreamed and are now defaults in Apache DataFusion, Arrow, and Parquet.
SqueezeCache (Chapter 5) took up the content axis. Even with LiquidCache’s adaptive
encoding, profiling showed that up to 98% of cached bytes are never read by the queries
that warmed them - even under Belady-optimal replacement. Squeezing replaces each
cached entry with a compact, lossy subset that still answers the predicates the workload
is running. Per-datatype squeezable layouts (prefix + fingerprint for strings, quantization/
clamping for integers, semantic extraction for datetimes, shredding for JSON variants)
supply the targets; lineage pushdown supplies the optimizer-to-cache communication that
decides which target to retain per column; a multi-state policy navigates the resulting
fidelity spectrum. On ClickBench and JSONBench, SqueezeCache improved cache hit ratios
by up to 4x, reduced query latency by up to 22x, and cut I/O by up to 12x compared to
an uncompressed cache (2x, 2x, and 8x respectively over a compression-only baseline).
SqueezeCache is the default eviction mechanism of the open-source LiquidCache project.
Bf-Tree (Chapter 6) took up the granularity axis in the transactional regime. Where
prior larger-than-memory range indexes either align cache pages with disk pages (B-
Tree variants) or accept slower reads to amortize writes (LSM-Trees), Bf-Tree introduces
a variable-length mini-page that holds a judiciously chosen subset of each disk page: a
few hot records when point lookups dominate, a write buffer when updates dominate, or
the full page when range scans warrant. A novel circular-log buffer pool with a copy-on-
access second-chance region manages the mini-pages concurrently and at NVMe speeds.
On a YCSB-like benchmark, Bf-Tree is 2x faster than RocksDB on range scans, 6x faster
than a conventional B-Tree on writes, and 2x faster than both on point lookups - the only
system among our baselines to perform well on all three operations simultaneously. Bf-
Tree demonstrates that the White-Box philosophy is not confined to analytical caches: the
same move, looking inside the cached unit, pays off in transactional KV indexes too.
Together, LiquidCache and SqueezeCache form a single open-source artefact of over
fifty thousand lines of Rust [72], deployed in production by a small but real community
of users (Bf-Tree is implemented separately), with substantial upstream contributions that

have already changed defaults in widely deployed open-source analytical libraries.
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9.2 Cross-cutting findings

Three patterns recur across the three systems and deserve to be named, since they are the
parts of White-Box caching that generalize beyond any single contribution.

Lineage as a cache APL Each system needed a way for the engine to tell the cache
what the workload would do with each column: filter expressions in LiquidCache, semantic
extraction targets in SqueezeCache, access traces in Bf-Tree. A consistent pattern emerges:
lightweight, declarative information attached to schemas or pushed alongside queries is
enough. The cache does not need to be tightly coupled to the engine, and the engine does
not need to be rewritten for the cache; a small, additive metadata channel suffices. This
makes the design portable and means each new engine that adopts the cache pays a one-
time integration cost measured in tens of lines.

Transparent transcoding as an evolution strategy. The three systems all change the
format of data at rest in memory while leaving the format on disk — Parquet, the lakehouse
stack, or the B-Tree’s page layout — untouched. The cache becomes the layer where new
encodings, new fidelity choices, and new granularity decisions can be deployed at the pace
of a software release rather than the pace of an ecosystem consensus. The open lakehouse
stack has been locked into the 2013 Parquet encodings [61, 89, 185] for a decade because
every alternative requires every reader to upgrade together; a White-Box cache breaks that
coupling.

Fidelity as a spectrum, not a binary. Conventional caches expose two states per entry, full
and absent, and treat eviction as a one-way valve. A White-Box cache exposes a continuum
— full, compressed, lossy, evicted — and chooses among them per entry under explicit budget
constraints. The continuum is the abstraction that allows the cache to behave intelligently
when memory is the binding resource, which it increasingly is in modern data systems
where DRAM cost rivals CPU cost [104].

9.3 Limitations

The honest limits of the work also deserve to be stated.
The non-pushdown regime. LiquidCache and SqueezeCache transmit filtered but uncom-
pressed data over the network, which can exceed the compressed unfiltered data size when

filters are non-selective. Adaptive pushdown that decides at runtime whether to push, using
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cardinality estimates from the optimizer, would close this gap; FlexPushdownDB [180] and
Fusion [117] explore related ideas in different regimes. We leave the systematic integration
of cost-based pushdown with White-Box encodings as future work.

Already-well-compressed data. SqueezeCache’s partial-eviction step is only useful when
the data is not already near-perfectly compressed. On benchmarks with simple categorical
strings and narrow integer ranges (TPC-H, TPC-DS), the squeeze is unnecessary; the cache
falls back to compressed entries with no overhead but also no incremental win. This is
fundamental: a cache cannot squeeze information that is already absent from a tightly
compressed representation.

Engine coupling at the optimizer. Although the cache APIs are deliberately additive,
lineage pushdown requires an optimizer rule and a schema-metadata channel that the host
engine must expose. For DataFusion this was a 10-line integration; for engines with less
flexible optimizer surfaces it may be larger. A portable plan format such as Substrait [160]
would reduce the cost further, and is the most promising path to engine-agnostic White-

Box caching.

9.4 Future work

The three axes of White-Box caching are not exhaustive. At least four directions seem
worth pursuing.

A fourth axis: consistency. This dissertation treats data as effectively immutable on
cache-relevant timescales — a fair assumption for the analytical lakehouse, where files
are immutable and appendable. Workloads with frequent updates, materialized views over
changing data, or transactional consistency requirements would benefit from a fourth
White-Box axis: the cache choosing when each cached representation is allowed to lag
behind the underlying data. Bf-Tree already does this implicitly through its write-buffer
mini-pages, but the analytical chapters do not. What a content-axis cache should do when
the underlying column is partially overwritten — re-squeeze, hydrate, or invalidate - is an
open question.

Multi-tenant scheduling of transcoding and squeezing. Background transcoding and
squeezing consume CPU that could be used for queries. In multi-tenant deployments,

deciding which tenant’s data to transcode, which queries to delay, and which cache budgets
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to flex is a scheduling problem we have only touched. Recent work on cost-aware caching
[28, 90] is a starting point.

Hardware substrates. White-Box caching is a software architecture and is orthogonal to
the substrate the cache runs on. CXL-attached memory, persistent memory, processing-in-
memory [84], and transparent-compression SSDs each offer dimensions a White-Box cache
could exploit — for example, by squeezing toward a representation that fits naturally in the
slower tier of a tiered memory deployment. The mini-page abstraction in particular seems
well-suited to CXL-attached memory, where access cost is intermediate between DRAM
and SSD.

Engine-agnostic deployment. Substrait, as noted, is the cleanest path to deploying the
same White-Box cache under multiple engines (Spark, DuckDB, DataFusion). The lineage
analysis is already implementable as a logical-plan rewrite; the protocol with the cache is
already a small metadata channel. What remains is the engineering effort of building it

once against a portable plan format rather than a single engine’s internal IR.

9.5 Closing remarks

The opening of this dissertation argued that disaggregation of compute, storage, and
memory has stretched a fundamental tension: the further apart these tiers move, the more
every byte costs to fetch, and the more redundantly the rest of the stack pays for that fetch.
Caching has always been the discipline that bridges such gaps. For most of its history, it
has done so by remaining deliberately ignorant of what it holds — a design choice that kept
caches simple, general, and composable, and that worked for as long as the units being
cached were close enough in shape to the units being consumed.

That alignment no longer holds. A modern analytical query consumes a fraction of
a column extracted from a structured value buried inside a compressed page; a modern
transactional index updates a record buried inside a 4 KB page on a device whose latency
rivals memory. The cache that does not see inside its contents is the cache that pays, on
every query and every update, for the gap between what is held and what is used.

The contribution of this dissertation is a stance more than a single technique: caching
for modern data systems should be White-Box — the cache should see, choose, and adapt -
and three concrete systems show what that stance buys. The numbers are large enough to

be interesting: 10x on CPU, 4x on hit ratios, 22x on latency, 6x on writes. The deeper claim
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is structural: that the next foundation for caching is not a new policy, a new replacement
algorithm, or a new hardware tier, but a new abstraction in which the cache is given
permission to look inside the data it holds. The chapters of this dissertation have shown
how three concrete systems make that abstraction practical, deployable, and - through

their upstream contributions and open-source artifacts — already in use.
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