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Abstract

This paper presents a set of in-process and remote distributed
caches for datacenter environments, CLINK and CRINK respec-
tively, that provide linearizable reads entirely from memory
without contacting storage. These caches remain loosely cou-
pled to the storage layer and achieve high performance, scale,
and availability by cooperating with auto-sharders and by track-
ing consistency metadata at the granularity of key ranges rather
than individual keys. To our knowledge, CLINK is the first dis-
tributed linked cache that delivers scalable, linearizable reads
from memory while remaining loosely coupled with storage.

At the heart of these caches is a lightweight storage
primitive called WriteGuards that can be easily added to a
distributed store. WriteGuards prevent a subtle race we call the
delayed-writes anomaly arising during changes in ownership
of key ranges. Each write carries a small fencing value tied to
the current owner, and the storage system checks this value to
reject delayed writes. WriteGuards apply to key ranges instead
of individual keys for scalability, add only a conditional check
on the write path, and require no coordination on reads.

We implemented our cache designs on TiDB. The in-
process cache CLINK cuts tail read latency by three orders
of magnitude, and the remote cache CRINK reduces it by
2.2 — 2.4x relative to direct storage access and existing
strongly consistent remote caches.

1 Introduction

Many large-scale cloud services in datacenter environments
require low-latency access to the latest state on the critical
path. For example, a data governance service at Databricks
must retrieve current permissions before every request, and
a query coordination service must track up-to-date session
state to ensure correct SQL execution. These requirements
are widespread: major companies such as Dropbox [81],
Google [20], and Meta [39] report similar needs. Furthermore,
recent work [64] highlights the necessity of linearizable reads
in latency-critical domains like financial trading [17,29] and
online ad bidding [96].

While distributed storage systems provide strong con-
sistency, they incur high overheads. Each read involves
network round trips, serialization, and transaction pro-
cessing [31, 44, 79], resulting in multi-millisecond tail
latencies [34]. To avoid this cost, large-scale services rely
on distributed lookaside caches to serve frequently accessed
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Figure 1: CLINK (in-process) and CRINK-R (remote) architectures.

data from memory. These caches are particularly effective
for serving workloads, where reads dominate and writes are
relatively infrequent [18, 67]. However, these caches generally
provide only eventual consistency and cannot guarantee that
reads reflect the latest committed state.

A distributed write-through cache can provide linearizable
reads, but several challenges must be addressed. First, to be
usable as a general solution it must remain loosely coupled
with storage so each layer can evolve independently. Second,
it must scale to hundreds of millions or billions of keys. Third,
for high performance and availability, the cache must handle
dynamic resharding of keys, e.g. to move keys from unhealthy
to healthy pods or for load balancing purposes.

Finally, the most significant challenge, which serves as
the primary focus of this paper, is a subtle race condition we
term the delayed-writes problem. When resharding occurs
and a key is reassigned, the previous owner may still have
writes in flight to storage. If the new owner reads and caches
values before those writes arrive, the late writes can update
storage and render the new owner’s cache stale. This puts the
new owner at risk of serving stale data. The delayed-writes
problem is not a hypothetical possibility. Write operations
have been observed in production systems [18, 67] to stall for
extended periods, with GitHub reporting packets remaining in
flight for approximately ninety seconds during an outage [82].
Such slowdowns can cause writes to arrive at the storage
layer long after key ownership has changed in the application.
Preventing delayed writes from committing after ownership
changes is therefore essential for serving linearizable reads.

To address the delayed-writes problem, we introduce Write-
Guards, a scalable and lightweight fencing mechanism that
also enables loose coupling. Storage maintains WriteGuards
as soft state: a small map from key ranges to opaque tokens
checked on each write. On cache key ownership changes, the
new cache pod owner installs WriteGuards over key ranges
in storage to block delayed writes from prior owners. Write-



Guards enable decoupling of ownership logic in the cache
layer from storage, allowing both systems to evolve indepen-
dently. Because WriteGuards are simple, efficient, and broadly
applicable, we recommend that providers of distributed storage
systems expose them as a standard write-fencing primitive.

We leverage WriteGuards to construct in-process and
remote caches that serve linearizable reads directly from
memory. In these designs, new owners install guards in storage
to block delayed writes. Our in-process solution, CLINK
(Consistent Linked In-memory Key-value cache, Figure 1),
keeps data in the application address space. A read from
CLINK is equivalent to a linearizable read from storage,
making it a transparent cache over the underlying store. For
shared or multi-tenant scenarios, we present a remote strongly
consistent cache, CRINK (Consistent Remote In-memory
Key-value cache), with two architectures: CRINK-R (Figures 1
and 9) stores versions and values in a remote tier, whereas
CRINK-L (Figure 10) stores only versions, allowing it to
be paired with any lookaside cache (e.g., Redis). In all our
designs, the cache is write-through; all writes flow through it to
storage. The write throughput remains bounded by the storage
system, ensuring the cache adds no new write bottleneck.

Like other modern cache systems, we address the third
challenge of high performance and availability via an auto-
sharder [7, 9, 53]. Improving over static placement schemes
such as consistent hashing, auto-sharders dynamically
reshard key ranges to handle autoscaling, pod failures, rolling
upgrades, and load imbalance. They scale by tracking sharding
metadata at the range rather than key level and can ensure that
all pods agree on the key-to-pod assignment, which CLINK
and CRINK rely on to support linearizable cached reads.

Both caches handle hot keys by letting the auto-sharder iso-
late a key and create replicas, with one acting as primary. Reads
for akey can be served from storage by any pod, or directly from
the in-memory cache of the pod currently assigned that key. All
writes flow through the primary and follow a two-phased inval-
idation protocol. This could suggest reduced write availability
during pod restarts. However, because unplanned failures
are rare and the auto-sharder performs proactive resharding
during planned restarts, the observed write unavailability
remains extremely low (below 0.001%, see §2.3.2). Hence,
CLINK and CRINK provide scalable, low latency linearizable
reads across replicas while preserving high write availability.

Our approach extends to cross-datacenter environments,
where caching offers significant benefits for geo-distributed
applications using global stores like Spanner [30] by reducing
expensive WAN traffic. However, we limit the scope of this
paper to single-datacenter environments.

We implemented WriteGuards in TiDB [44] and built
CLINK and CRINK in C++. Using production traces from
Meta [5, 15], Twitter [88], and an internal workload from
Unity Catalog at Databricks, we show CLINK reduces Pgg read
latency by orders of magnitude relative to accessing storage
(from 10.3ms to 4.2us). For shared data access or multi-tenant

deployments, our remote caches CRINK-R/CRINK-L achieve
up to 3.6 — 5.2 lower Pgg read latency than direct storage
access, and 2.2—2.4 x lower latency compared to alternative
consistent remote caches.

This paper makes three contributions:

* WriteGuards: a lightweight storage-level fencing
mechanism that operates on dynamic ranges to prevent
delayed writes from previous owners after resharding,
and which can be easily added to a distributed store.

 Strongly consistent caches: CLINK, the first strongly
consistent distributed cache that serves scalable, lin-
earizable reads directly from application memory while
remaining independent of storage, and its variants
CRINK-R and CRINK-L which can be deployed remotely.

* Implementation & evaluation: we have integrated
WriteGuards in TiDB and demonstrated their use in
building performant linked and remote caches.

2 Background

In this section, we introduce the application, storage, caching,
and auto-sharding model that motivates our design choices,
providing the architectural context needed for the later sections
on supporting linearizable cached reads.

2.1 Application and storage model

Many large-scale datacenter services process requests keyed
by logical identifiers across billions of keys. Each request
issues reads and writes for a specific identifier, such as a
CustomerID. Underlying systems like DynamoDB [76],
FoundationDB [100], and TiKV [44] support these per-key
operations. The identifier often prefixes the full storage key
(e.g., CustomerID in <CustomerID, WorkspacelD>); we
denote this key as C.

2.2 Distributed caching for latency and scale
Remote lookaside caches (Figure 3) like Memcached or Redis
offload storage but incur network latencies, serialization, and
queuing costs [8]. In contrast, linked in-process caches like
CLINK (Figure 1) store objects in native formats, avoiding
remote lookups for significantly lower latency [8, 9].

This efficiency is critical for services storing large values
(MBs—GBs). Remote caches struggle with partial reads of these
values: returning the entire object causes overreads [8], while
partial fetching often amplifies one API call into 10-30 net-
work requests. Linked caches eliminate this overhead, turning
expensive network operations into cheap local function calls.

2.3 Auto-sharders

To scale caches, modern systems partition keys across pods
using auto-sharders [9, 53] rather than using static schemes
like consistent hashing. At Databricks, auto-sharding serves
more than half of all services and nearly all critical ones. These
systems dynamically split, merge, and reassign contiguous
key ranges, or slices, to handle load imbalance, hot keys,
crashes, and to support high performance and availability.
Auto-sharders also coordinate with cluster managers for
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Figure 2: An example ass1gnment of slices to pods. Each slice is
assigned to one or more replicas, with one as primary for writes.
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planned restarts and migrate state during reassignment [53]
to avoid storage reads. Figure 2 illustrates a sample mapping.
Auto-sharding is also integral to storage systems. For
example, Bigtable’s master and TiDB’s Placement Driver place
and rebalance rablets, which are key ranges with associated
records, across storage servers, also called tablet servers.
Figure 3 shows how auto-sharders route requests across the
cache and storage layers. A request for customer Cys is directed
to cache pod P;, which owns slice [Ca0,Cs0). A cache hit returns
immediately. On a miss, the pod issues a lookup to tablet server
S1, which hosts tablet [C30,Csp ), retrieves the value, populates
the cache, and responds to the client. Linked caches follow the
same routing logic except that the request goes directly to the
application pod that owns the slice and stores the cached data
locally. The caching layer and the storage layer are loosely
coupled and sharded differently based on their respective load.

2.3.1 Features for scalability and strong consistency

Modern auto-sharders provide mechanisms that help
services handle skewed workloads, scale under heavy demand,
and achieve exclusive ownership over keys.

Hot key detection and replication: Many large-scale systems
experience load imbalance driven by hot keys, which attract
far more traffic than others in domains such as social media,

ML serving, and content platforms [9, 43, 55, 59, 66, 67, 90].

Auto-sharders detect these hotspots and isolate the hot key
onto its own slice and pod [9, 53]. When even a dedicated
pod cannot meet demand for the hot key, the auto-sharder
employs asymmetric replication, creating multiple replicas of
only the hot key and assigning one to be the primary to handle
writes. This approach scales throughput in proportion to key
popularity. For example, Figure 2 shows key Cjg isolated and
replicated across P; and P», with Py acting as the primary.

Strong ownership guarantees: Auto-sharders [7, 9, 53]
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Figure 3: Auto-sharders assign and rebalance key ranges across
cache or tablet servers to maintain performance and high availability.
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support ensuring that at most one pod holds authoritative own-
ership of a key at any time. Our auto-sharder generalizes this
model by producing assignments that all pods agree on, includ-
ing which pods act as primaries when replicas exist, a property
we call Assignment Consistency. To implement this efficiently
at scale, the auto-sharder grants leases over key ranges rather
than individual keys, amortizing coordination overhead across
many keys while preserving consistent ownership semantics.
The server library exposes the following API:

GetSliceHandle(KeyRange) — SliceHandle
IsStillAssigned(SliceHandle) — Bool
IsPrimary(SliceHandle) — Bool

The GetSliceHandle API returns a SliceHandle for a key
range [lowInclusive, highExclusive) where a single key is
simply a singleton range. The IsStillAssigned API verifies
that the GerSliceHandle’s range has remained continuously
assigned to the pod since the handle was acquired, acting
as a lightweight lease check implemented internally by the
auto-sharder. When the auto-sharder assigns key K to pod P,
the time interval until K is reassigned defines P’s period of
ownership. If akey is replicated, IsPrimary says whether the
pod is the primary replica for that SliceHandle’s range.

2.3.2 Availability impact of restarts and crashes

Strong ownership allows a cache implementation such as
CLINK to let the pod that owns a key K serve linearizable reads
directly from memory, since all writes on K are guaranteed to
route through that pod. Ensuring strong ownership, however,
necessarily introduces an availability tradeoff when ownership
must move, for example during pod restarts or crashes.

In the common case of planned restarts, auto-sharders
integrate with the cluster manager to receive advance notice
and proactively migrate affected key ranges before the restart
occurs. In systems enforcing strong ownership, this involves
transferring leases for those key ranges from the restarting pod
to other pods. In the common case, these transfers complete
within milliseconds, resulting in minimal availability impact.

In rare cases, however, restarts are unplanned, for example
due to a segfault or OOM. In these situations, the old owner’s
lease must expire before another pod can safely assume
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Figure 4: Global % of unplanned restarts across 86 sharded services
in production by month. Critical path services for caching, ACLs,
and rate limiting generally have few to no crashes in a given month.



ownership, which in practice results in order tens of seconds
of unavailability for the key range. Though this may seem
disastrous for availability, Figure 4 shows that such unplanned
failures in production occur only once in roughly 750 to 2000
restarts, consistent with industry observations that critical
services are engineered for robustness [80,84]. In a 100 pod ser-
vice, this corresponds to roughly one crash every two months.
Even if a single pod becomes unavailable for 30 seconds and
temporarily affects 1% of keys, overall daily availability still
exceeds 99.999%, making the practical impact negligible.

3 Motivation

Large scale services increasingly need both low latency and
strong consistency, yet existing storage and caching layers
struggle to provide both efficiently.

3.1 Low-latency reads are critical

Low tail latency is essential in serving scenarios [18, 67] as
well as for interactive and data-intensive services. In practice,
reads often suffer 1-5 ms tails due to queuing and concurrency,
despite sub-millisecond network RTTs. Because requests
fan out into many key-value RPCs, small delays compound
into tail amplification [34, 35, 41, 51], impacting systems
like Facebook’s web search [18, 67], Google Search [34],
Zanzibar [46], Presto [38], Michelangelo [1], and TFX [14].
This forces substantial overprovisioning to meet strict SLOs
(e.g., DynamoDB [4], Cosmos DB [3], TAO [2]). Research
systems [37,50,57] report tens of microseconds, but rely on
dedicated hardware and limited multi-tenancy rather than
production environments.

3.2 The need for linearizable reads

Many large-scale services require that reads reflect the
latest committed value. Systems such as Spanner [31],
CosmosDB [3], and Dropbox [81] provide linearizable reads.
Such guarantees are also essential in domains like financial
trading [19] and ad bidding [72]. Stale reads introduce subtle,
hard-to-diagnose anomalies, such as stale permissions in
Zanzibar [46], outdated metadata in Presto [38], or inconsistent
features in TFX [14]. Similarly, our internal governance and
query routing systems require these guarantees to prevent
incorrect permission checks and session-dependent execution.

3.3 Storage is slow and costly for reads

Transactional stores (e.g., Spanner [31], CockroachDB [79],
TiDB [44]) provide strong semantics but incur protocol over-
heads and serialization costs. This results in multi-millisecond
tail latency and high variability, making them unsuitable for
latency-critical paths. Storage is also costly at high request
rates, offering limited throughput and requiring significantly
more compute than in-memory caches [62]. Consequently,
services offload read-heavy workloads: Facebook’s Mem-
cache fleet handles massive latency-sensitive volumes [67],
and TAO [18] optimizes for social graph lookups. Serving
such traffic directly from storage would impose prohibitive
operational costs.

3.4 Caches are fast but typically not consistent
Distributed caches reduce latency and cost by serving hot
data with sub-millisecond performance and high through-
put [18,67]. However, they provide only eventual consistency:
values become stale immediately after a write and are later
refreshed via timeout (TTLs), polling, or explicit invalidation.
This occurs because remote lookaside caches (e.g., Mem-
cached) sit off the write path, while linked caches see only
local writes unless ownership is coordinated across pods. As
a result, achieving low latency, linearizable reads, and high
availability together remains difficult.

4 The Delayed-Writes Anomaly

To achieve low-latency linearizable reads, we consider a
write-through in-process cache, loosely coupled with the
storage system, in which applications issue both reads and
writes through the cache. An auto-sharder provides ownership
over keys (§2.3.1). However, despite this exclusive ownership,
a subtle but important anomaly can still occur, causing the pod
to serve stale reads:

Delayed-write anomaly. A delayed write for key K is a
write that commits in the storage system after a new owner
has already assumed ownership of K in storage.

Ownership at the caching layer is not enough. A pod must
also become the owner in the storage layer before assuming
that no other writes can succeed. Otherwise, a write from a
previous owner may commit after ownership has changed
at the caching layer, and cause the cache to return stale
values. Preventing delayed writes is therefore essential for any
strongly consistent cache.

4.1 Example: Delayed writes
We now show a resharding scenario in Figure 5 where the
delayed-writes problem can occur. The sequence unfolds in
the following steps:
1. Pod P;, which has exclusive ownership over slice
[C40,Co0) issues a write with an OCC check: “Write key
C45 with version V; if its current version is V;.”
2. The auto-sharder reshards [Ca0,Ce0), assigning [C40,Cs0)
to pod Py and [Cs0,Cep) to Ps .
3. Pod Py reads C4s5 from the database and observes the
latest committed version V.
Application servers
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Figure 5: A delayed write of Write(Cys,V>) that comes in after Py
has read version V| of C45 and cached it in memory.



4. The delayed write from P; arrives, passes the version
check, and commits version V; for Cys.

The store now contains V5, yet Py may still cache and serve
V1, violating linearizability. Py assumes exclusive ownership
of key C45 when caching Vi, but this is incorrect because it
never established ownership in storage, allowing a delayed
write from P; to commit. The same issue can occur after a
pod restart in a statically sharded cache (e.g., via consistent
caching), where a new instance rebuilds its cache but an old
in-flight write later commits and leaves the cache stale.

Although seemingly rare, long in-flight delays are well
documented. Large systems suffer network anomalies where
packets linger for minutes due to corrupted NICs or aggressive
TCP retransmission backoffs [12]; GitHub similarly reported
packets delayed for ninety seconds [82]. Delays need not
be network-related: stop-the-world GC pauses and runtime
stalls [49, 77] can last minutes in production workloads [58],
and a buffered write may be released only after ownership has
moved. In comparison, key reassignment is fast (e.g. 20ms).
These real-world anomalies confirm that strongly consistent
caches must explicitly guard against delayed writes.

4.2 Existing delayed-write prevention methods

Delayed writes can be prevented, but current mechanisms are
slow, inefficient, or unscalable.

4.2.1 Version check on every read

One option is verifying each read against storage before serv-
ing, e.g., in Figure 5, the pod will not return Cys’s stale value
if V, is already committed in storage. This ensures correctness
but forces a remote version check on every read, adding latency
and load which significantly reduces caching benefits [63].

4.2.2 Convert reads into metadata-writes

Alternatively, the first read for each key after ownership
transfer can perform a write to advance the version (e.g., Py
bumps Cys to V), ensuring prior delayed writes fail their OCC
check. However, this places a write on the critical read path,
increasing latency and storage load.

4.2.3 Sequencer-based fencing in Chubby

Another approach to preventing delayed writes uses a lease
management system such as Chubby [20] in conjunction with a
storage system such as Bigtable [26]. Chubby provides a mech-
anism called sequencers. At any time, an application holding
a lease can request the lease’s sequencer, an opaque byte string
that captures the state of the lock immediately after acquisition.

When an application performs a Bigtable write, it can attach
a sequencer. Bigtable can then use the sequencer to verify that
the application still holds the lease or that the sequencer is
newer than the most recent one observed by the server. How-
ever, this approach requires application servers to acquire
leases for every key they cache and requires the storage system
to maintain per-key lease or sequencer state. In large multi-
tenant deployments, applications may cache tens or hundreds

of millions of keys, making this approach prohibitively expen-
sive for the lease service, application servers, and storage back-
end. Consequently, sequencer-based fencing does not scale
well for fine-grained caching systems. In our experience, this
usage pattern was uncommon in production and discouraged by
Chubby SREs because of the operational overhead it imposed.
Additionally, it tightly couples the storage system and lease ser-
vice by introducing an external dependency on the write path.

4.2.4 Synchronized clocks (e.g., TrueTime)

One possible solution to the delayed writes problem
is to leverage synchronized clocks such as TrueTime in
Spanner [31]. In this design, the storage system must provide
timestamp-based write fencing, rejecting writes whose
timestamps exceed a configured threshold T. When ownership
of a key changes, the new owner waits for T seconds before
serving requests, ensuring that delayed writes from the
previous owner can no longer be accepted.

In this approach, choosing T involves a tradeoff. A value that
is too small may reject legitimate writes under transient delays,
while a value that is too large increases the unavailability
period during ownership transitions. Moreover, the approach
depends on specialized clock synchronization hardware that
is often unavailable in public cloud environments, making it
unsuitable for many general-purpose deployments.

4.2.5 Approximate correctness via timeouts

Given the rarity of unplanned pod failures, one might
consider coordinating ownership transfer directly with the
source pod. Under this approach, a slice is not reassigned
until the source pod has drained all outstanding writes and
explicitly acknowledges that ownership can be transferred.

While appealing in the common case, this design tightly cou-
ples the autosharder to application-specific logic and requires
additional mechanisms to ensure liveness when the source pod
crashes, becomes unreachable, or fails to respond. One possible
approach is to assume bounded write delays and delay own-
ership transfer until the worst-case write latency has elapsed.
Unlike leases, however, which derive their correctness from
hardware-based bounds on local clock rates, this approach re-
lies on a bound on write latency as measured across machines.
Since no such bound exists in an asynchronous distributed
system, the approach cannot provide formal correctness guar-
antees and instead only decreases the likelihood of stale writes.

5 The WriteGuard Primitive

We now present WriteGuards, which enable a loosely coupled
cache to support linearizable cached reads. It does so by allow-
ing the owning pod upon assignment of a new slice to establish
ownership of the corresponding key range in storage. Unlike
per-key approaches, WriteGuards scale to handle applications
with millions to billions of keys efficiently by operating on key
ranges. This requires only two storage operations: installing
a guard and checking incoming writes against it.



5.1 WriteGuard installation

The storage system exposes a SetGuard(range, guardValue)
call that associates an opaque guard value (denoted by WG)
with a key range. If a newly assigned slice spans multiple
tablets, the caller must split it into subranges and issue the
SetGuard call to the appropriate tablet servers either through
the client library or a higher-level layer. Figure 6 shows a case
where CLINK splits the range [Cag,Ce0) into two calls to the rel-
evant two tablets since Csy is a splitpoint: SetGuard([Ca0,Cso),
WGs) and SetGuard([Cso, Ce0), WGé). Splitpoints or tablet
boundaries can be discovered by periodically probing the
storage layer using standard APIs available in existing sys-
tems [31,44]. An up-to-date view improves efficiency butis not
required for correctness: if the tablet layout changes, servers
return a status code indicating the change, and the caller can
then obtain the new boundaries and retry the SetGuard calls.

Tablet servers maintain an in-memory interval map that
associates non-overlapping key ranges with their guard values.
This metadata is soft state and not persisted. On startup, a tablet
initializes its full key range with an empty guard (lazy initializa-
tion is possible, but we assume eager initialization for clarity).
When a SetGuard(R, WG) request arrives, the tablet intersects
R with its owned ranges and updates the corresponding entries
in the interval map, overwriting any existing guards in that re-
gion. In Figure 6, the two tablets install WGs on [Ca9,Cs0) and
WGg on [C50,C60), while [C307C4()) and [C(,(),Cg()) keep their
previous guards. Each tablet then acknowledges the request.

Stale splitpoint maps cause SetGuard calls to hit the wrong
tablet server and return a TabletLayoutChanged error. CLINK
catches this error to refresh the map and retry the call.

5.2 WriteGuards and tablet resharding

Storage-layer reshardings are relatively infrequent and
typically triggered only under sustained load over minutes,
since splitting or migrating tablets is expensive in systems such
as Bigtable, Spanner, and HBase [21, 25, 31]. WriteGuards
must be updated correctly during these operations.
When a tablet is split, each resulting tablet inherits the guard
Application pod
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Figure 6: Installing a WriteGuard across two tablets. Upon receiving
two slices, [C40,Cs0) and [Cs,Cep ), the application pod generates two
guard values (WGs, WGg) for each slice, and issues SetGuard to two
tablets based on the cached splitpoints of tablets at the tablet servers.

values of the original tablet. After a merge, the new tablet
keeps the distinct guard values for the subranges contributed
by each source tablet. (In practice, systems may need to bound
the number of retained guards to avoid excessive metadata,
though we did not explore this in our prototype.) For simplicity,
our prototype drops guard metadata during tablet migrations
rather than transferring it. This does not affect correctness,
and we found that retaining guards across migrations offers
negligible benefit relative to the complexity of moving guard
state between tablet servers.

5.3 Checking writes with WriteGuards

The storage system is also extended to validate a write’s sup-
plied WriteGuard against the installed WriteGuard for the key’s
corresponding range. A tablet server accepts writes only if the
guards match, thereby rejecting delayed requests from previous
owners. For example, in Figure 6, the tablet server would reject
adelayed write for Cy5 carrying WG because the WriteGuard
in storage has been updated to WGs. This design also ensures
backward compatibility. Applications not using WriteGuards
omit guard values, resulting in matching empty guards that triv-
ially pass validation. This allows the storage system to enforce
checks uniformly without requiring application changes.

5.4 Example: Preventing delayed writes

We now revisit the example from Section 4.1 to illustrate
how WriteGuards prevent delayed writes. In that scenario
(Figure 5), pod P; issued a write that updated key Cy5 from
version V| to V;. The write became delayed in the network
while the slice [Ca9,Cg0) Was resharded, causing the subrange
[C40,Cs0) to be reassigned to pod Py.

Under our approach, Py first installs a new WriteGuard,
Whew, On the tablet server(s) responsible for the reassigned
range and then reads key Cys, observing version V;. Later,
when the delayed write carrying version V; arrives at the tablet
server, the write is rejected because its WriteGuard, Wyq, does
not match the currently installed WriteGuard, Wey. As aresult,
the stale write cannot overwrite data owned by the new pod.

6 CLINK: Serving linearizable cached reads

In this section we present CLINK, an auto-sharded cache
linked directly into application pods that scales to handle
millions to billions of keys. It provides linearizable reads while
remaining loosely coupled to storage. CLINK allows reads to
access storage from any pod to preserve high availability, but
only pods assigned the key may serve reads directly from their
local cache. CLINK uses WriteGuards to avoid delayed writes
and scales by operating on key ranges rather than individual
keys. To ensure linearizable cached reads, CLINK maintains
the following invariant:

Latest State Invariant (LSI). A key K may be served from
the cache only if it equals the latest committed value of K
in storage.

This invariant makes the cache transparent to applications,



since serving from memory is indistinguishable from serving
from storage. A direct consequence is: when a pod issues a
write on K, its cached value cannot be returned until that write
has fully committed.

Note that we focus solely on LSI and linearizable reads. All
other aspects of storage correctness are handled by the storage
system’s own transactional or consistency model, which
operates independently of the mechanisms we introduce. For
clarity, we defer optimizations such as buffering repeated
reads and rejecting writes during a SetGuard call to §6.6. The
remote variants of CLINK is discussed in §7. Detailed steps for
various aspects of ownership, reads and writes are presented
in Algorithms 1, 2 and 3.

6.1 Types and data structures

Each CLINK pod uses two main types. The first, GuardHandle,
tracks a WriteGuard, the key range it covers, and the Slice-
Handle for that range. The second, OpHandle, captures the
GuardHandle in effect when a request was issued to the store,
the operation type (RD or WR), and a boolean flag writeOver-
lap indicating if any write overlapped with that operation.

GuardHandle = (KeyRange, WriteGuardID, SliceHandle)
OpHandle = (opType, writeOverlap, GuardHandle)

Each CLINK pod maintains three data structures. The
CacheMap stores cached values. The GuardMap maps
WriteGuard ranges to their associated GuardHandles and
supports lookups by key or by range. The OpMap tracks
all pending operations to storage. Together, these structures
enable CLINK to serve linearizable reads while being
auto-sharded. We write GuardMap[K] to denote a lookup of
the GuardHandle for key K.

GuardMap : KeyRange — GuardHandle
CacheMap : Key — (GuardHandle, Value)
OpMap : Key — Array[OpHandle]

6.2 Preventing delayed writes via WriteGuards

We now describe how WriteGuards are installed on ownership
changes via Algorithm 1 and how they prevent delayed writes.

6.2.1 Handling ownership change

Upon receiving a new assignment, CLINK acquires a
SliceHandle for each newly assigned slice S, intersects S with
the tablet ranges, and generates a unique WriteGuard value
(e.g., a UUID) for each intersected sub-interval R; (lines 7-9).
These sub-ranges are precisely the key ranges in the storage
layer that must be protected from delayed writes before CLINK
can assume ownership of S. CLINK periodically refreshes
tablet split points from the store to keep this mapping current.
For each R;, the pod issues a SetGuard call and installs the
resulting GuardHandle in the GuardMap if the call succeeds
and ownership has remained continuous (lines 11-13) —
checking whether the slice S has been assigned to the current
pod since the SliceHandle’s creation. Figure 8 illustrates this

process for a newly assigned slice [C40,Cgp ), resulting in two
SetGuard calls for the tablet ranges [Ca0,Cs0) and [Cys,Ce0)-

If the store reports a tablet-layout change, CLINK refreshes
its cached split points and restarts the procedure (lines 14-15).
If a SetGuard call times out, it is retried with a fresh unique
WriteGuard value (lines 16—17). If ownership has been lost,
CLINK aborts creation of the GuardHandle for R;.

Algorithm 1 Assignment Handling (Red means critical section)

: procedure HANDLENEWASSIGNMENT(Asn)
for each new/removed slice X in Asn do
Clear GuardMap([X]

W N =

4 for each new slice S in Asn do
5: HANDLENEWSLICE(S)
6

: end procedure

7: procedure HANDLENEWSLICE(S)
8:  for eachrange R; in intersection of S and store splitpoints do
9: Obtain SliceHandle SH;

10: Create unique WriteGuard WG;

11: status < SETGUARD(R;, WG;)

12: if ISSTILLASSIGNED(SH;) then

13: if status == Success then

14: GuardMap[R;] < GuardHandle(WG;, R;, SH;)

15: else if status == TabletLayoutChanged then

16: Refetch store splitpoints and retry from line 8

17: else > SetGuard call had a timeout
18: Retry from line 10 with a new WriteGuard

19: end procedure

6.2.2 WriteGuard ordering
CLINK enforces the following rules on SetGuard calls:

1. Ownership-contained. CLINK creates GuardHandles
only for WriteGuards whose SetGuard calls both started
and finished within a single ownership period.

2. Non-overlapping. Within any ownership period and
for any key K, CLINK allows at most one outstanding
SetGuard call whose range covers K.

3. Unique-valued. Every SetGuard call issued by CLINK
(including retries) uses a fresh WriteGuard value.

Figure 7 illustrates these rules with four GuardHandles, G
through G4, created across three exclusive ownership periods

E\, E», and E3 established by leveraging the strong ownership

Mutually exclusive periods of ownership

SetGuard: SetGuard: SetGuard: SetGuard:
WG, WG, WG, WG,
Storage 1 b _ b b
WG, WG, WG, .o WG, WG,

Figure 7: Relevant WriteGuards (green) are ownership-contained
and non-overlapping.



guarantees of the auto-sharder (§2.3). Each SetGuard call
installs a unique WriteGuard value (WG, WG,, WG3, WG4,
and the delayed WGpgrayep described later). The GuardHan-
dles are created only when the corresponding SetGuard call
both begins and ends within the same ownership interval. In
ownership interval E5, the calls that produce G, and G3 are non-
overlapping. In contrast, WGpgrayrp comes from a SetGuard
call that either timed out or returned so late that it violated the
ownership containment rule and thus has no GuardHandle.

We next show how the first two rules induce, for each
key, a total order on GuardHandles that aligns with the per
key installation order of their WriteGuards in storage. The
importance of the last rule is discussed in the next section.

First, because ownership periods are totally ordered by the
auto-sharder, the ownership-contained rule ensures that any
GuardHandle created in a later ownership period follows all
GuardHandles from earlier ones. Further, each WriteGuard
is installed between the start and end of its SetGuard call, and
that call lies entirely within a single ownership period, so the
WriteGuards inherit the same total order. In the figure, WG,
and WGj3 (for G, and G3) follow WG (for Gy).

Second, within a single ownership period, the non-overlapp-
ing rule ensures that each SetGuard call must finish (or
time out) before the next one begins. Again because each
WriteGuard is installed at some moment during its SetGuard
call, the WriteGuards appear in storage in the exact order of
those calls. The corresponding GuardHandles are created in
the same order (for example, WG3 appears after WG»).

Therefore, we have the following property:

WriteGuard Ordering. All GuardHandles form a total
order, and their corresponding WriteGuards in storage
follow the same order. We call the WriteGuards associated
with these handles relevant. All others are irrelevant.

6.2.3 Why relevant WriteGuards prevent delayed writes

Relevant WriteGuards prevent delayed writes since once
a new owner creates a GuardHandle, its relevant WriteGuard
is installed strictly after all relevant WriteGuards from
prior owners. Furthermore by the unique-valued rule for
WriteGuard values (rule 3), all WriteGuards in storage
(relevant or not) are unique. Thus any delayed write from a
previous owner has a WriteGuard that cannot match the new
owner’s relevant WriteGuard, so such writes are rejected. This

guarantees that all future reads by the new owner are protected.

6.3 Handling writes and reads

We now present the handling of write (Algorithm 2) and read
operations (Algorithm 3).

6.3.1 Write operations

Upon a write to K, CLINK rejects the request if the
WriteGuard is missing or ownership is lost (lines 2-6). The
latter is an optimization, as the write would likely fail anyway
due to the new owner’s WriteGuard. CLINK then evicts K to

Algorithm 2 Write Operation (Red means critical section)

1: procedure WRITE(K, V)

if GuardMap[K] is empty then
return error > Reject: no WriteGuard protection

guardHandle <— GuardMap([K]

if not ISSTILLASSIGNED(guardHandle.SliceHandle) then
return error > Reject: lost continuous ownership

Evict CacheMap([K]

for each op X in OpMap([K] do

9: X.writeOverlap < true

> Writes invalidate the cache

e AR

> Prior ops overlap w/ write
10:  writeOverlap <— (OpMap[K] contains write?)

11:  opHandle <- OpHandle(WR, writeOverlap, guardHandle)
12:  Add opHandle to OpMap[K]

13:  status, result < SENDWRITE(K, V)

14:  if status == Success then

15: CacheMap[K] <— (guardHandle, result)

16: if not SATISFIESLSI(opHandle) then

17: Evict CacheMap[K] > Unsafe value, LSI not guaranteed
18: return result

19:  elseif status == Timeout || WriteGuardMismatch then

20: if not ISSTILLASSIGNED(guardHandle.SliceHandle) then
21: return error > Reject: lost continuous ownership

22: Clear GuardMap[K]
23: Install new GuardHandle

24: Restart at step 1 > retry with fresh guard
25:  else
26: return error

27: end procedure

preserve LSI, as the pending write renders the storage value
unknown. Finally, it flags pending operations as overlapping
(lines 8-9) and sets the request’s writeOverlap bit if another
write is in flight (line 10). Figure 8 phase (b) shows the case
of a write for C43 which overlaps for a read for the same key
and thus sets the read operation’s writeOverlap bit, causing
the result of the read to be uncacheable (see §6.3.3).

CLINK then executes the storage write. Successful results
are cached only if they satisfy the LSI (lines 15-17). A timeout
(line 19) signals a potential self-inflicted delayed write. To
resolve this, or if a delayed WriteGuard error occurs, CLINK
clears the GuardHandle, installs a fresh guard, and retries if
it still owns K (lines 20-24).

6.3.2 Read operations

Read handling differs from writes because reads may be
handled by any pod. When a pod owns K and the key is
present in the cache, it may serve the cached value as long as
ownership has been continuous since the entry was installed
(lines 2-5 of the READ procedure). Figure 8 shows a case
where Cy45 was read by a pod from storage and later served
from the cache since it has continuous ownership and no
writes have invalidated the cached value.

If a continuously owned value was not found, CLINK
proceeds by evicting any entry if present (line 6) and reads
from storage, setting writeOverlap if needed (lines 7-11). The
result is returned to the caller and cached if it satisfies LSI.
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Algorithm 3 Read Operation (Red means critical section)

1: procedure READ(K)

2 if CacheMap[K] not empty then

3 value <— CacheMap[K].value

4 sliceHandle <— CacheMap[K].GuardHandle.SliceHandle
5: if [ISSTILLASSIGNED(sliceHandle) then return value

6:  Evict CacheMap[K] > invalidate any stale cached value
7 writeOverlap <— (OpMap[K] contains write?)

8:  guardHandle <— GuardMap[K] or null

9:  opHandle +— OpHandle(RD, writeOverlap, guardHandle)

10:  Add opHandle to OpMap[K]

11:  result <~ SENDREAD(K)

12:  CacheMap|K] < (guardHandle, result)

13:  if not SATISFIESLSI(opHandle) then

14: Evict CacheMap([K] © Unsafe value, LSI not guaranteed
15:  returnresult

16: end procedure

6.3.3 Cacheability

CLINK caches results only if they satisfy LSI. It does this

by ensuring no storage mutations occurred during execution.

SATISFIESLSI (Algorithm 4) uses the OpHandle to rule out
three mutation sources: (1) previous owners, by checking
for WriteGuard protection (line 3); (2) the current owner, by
ensuring no writes overlapped (line 4) which is checked with
writeOverlap and (3) future owners, by verifying continuous
ownership since WriteGuard installation (line 6). If these

conditions hold, the value matches storage and is safe to cache.

Figure 8 phase (b) shows SATISFIESLSI returns false
for the read of C43 since it was concurrently mutated by the
current owner, but SATISFIESL SI returns true for the read of
Cys (in phase (c)) as it was free of mutations from previous,
current, or future owners (was continuously owned).

Algorithm 4 Check for cacheability (Red is critical section)

: procedure SATISFIESLSI(opHandle)
:  guardHandle < opHandle.GuardHandle

if guardHandle == null then return false > prev owner

sliceHandle <— guardHandle.SliceHandle
return ISSTILLASSIGNED(sliceHandle)

. end procedure

1

2

3

4:  if opHandle.writeOverlap then return false > current owner
5

6 > future owner
7

6.4 Why CLINK serves linearizable reads

In this section, we demonstrate that CLINK guarantees
linearizability. Since direct storage reads inherit storage
guarantees, we focus on proving that cached reads satisfy LS.
CLINK achieves this by enforcing two invariants:

1. LSI-at-entry: The value satisfies LSI upon insertion into
the cache.

2. LSI-at-serve: The value remains unchanged in storage
between insertion and serving.

Algorithms 2 and 3 enforce LSI-at-entry by caching the oper-
ation’s return value and immediately checking LSI (with Sat-
isfiesLSI, Algorithm 4), evicting the entry if the check fails.

To guarantee LSI-at-serve, CLINK employs two mecha-
nisms. First, it evicts cached values on every local write (Algo-
rithm 2, line 7), ruling out mutations by the current owner. Sec-
ond, it verifies continuous ownership before returning a cache
hit, ruling out mutations by future owners (if the ownership is
temporarily transferred to a different owner after the read ini-
tiates, the key will not be continuously owned when it returns).
Mutations by previous owners are already precluded by LSI-
at-entry (via WriteGuards). Consequently, any value returned
from the cache matches storage, ensuring linearizability.

6.5 Serving reads from multiple pods for scale

To support high-traffic keys, CLINK employs asymmetric
replication (§2.3.1). A designated primary handles all writes
and maintains the WriteGuard; upon leadership change, a new
WriteGuard is installed to reject delayed writes.

Initialization and Ownership: Replicas initialize ranges as
uncacheable. Once the primary installs an ownership-aligned
WriteGuard, it notifies replicas to mark ranges cacheable and
provides identifiers for the current ownership epoch so they
can acquire the correct SliceHandles. Serving reads requires
continuous group ownership: all pods in the replica set must re-
main assigned without interruption. Any membership change
(notified by the autosharder and detected via SliceHandles)
breaks this invariant, forcing replicas to evict cached entries,
though reads may proceed directly to storage.

Write Protocol: Writes utilize a two-phase invalidation
process. (1) The primary sends invalidation messages; replicas
evict the key K and mark it uncacheable. (2) Upon receiving
all acknowledgments, the primary writes to storage. (3) The
primary sends a finish message (optionally piggybacking the
new value), allowing replicas to restore K’s cacheability.



Failure Handling: If a write fails, the finish message restores
cacheability. Timeouts trigger a new WriteGuard installation
and retry (§6.3.1). If membership changes mid-protocol,
Assignment Consistency (§2.3.1) ensures replicas detect the
loss of group ownership and drop the corresponding ranges
and mark the range uncacheable. Because resharding is
infrequent, this simple rule is sufficient.

This design significantly increases read throughput and
availability. While invalidating replicas adds slight write
latency (§9.5), the impact on write availability is negligible
due to the rarity of crashes (§2.3.2) and the auto-sharder’s
rapid removal of unhealthy pods (§2.3.1).

6.6 Potential Optimizations

CLINK admits several future optimizations. First, request gat-
ing can buffer repeated reads on the same key so that only one
storage fetch is issued. Second, storing value versions in the
cache would enable finer cachability decisions. For example,
if concurrent writes produce vg and v9 while the cache holds
v7, CLINK currently caches neither; checking versions would
allow safely caching vg. Third, when a write fails, CLINK could
install a new WriteGuard for only the affected key instead of
the entire key range, though this risks creating many entries in
the GuardMap. Finally, tagging reads with their WriteGuard
would allow early detection of guard changes in storage (e.g.,
after a delayed SetGuard call), enabling timely refreshes.

7 CRINK: Strongly consistent remote caches

While CLINK provides linearizable reads at local memory
latency, there are cases where a remote cache is the better fit.
First, some environments cannot host stateful components
because of serverless or stateless runtimes, memory limits,
or operational restrictions. Second, service owners generally
avoid exposing internal schemas, which means any shared
dataset must be served through the owning service’s API,
forcing that service to scale just to proxy reads. Third, some
workloads do not shard cleanly. A single request may touch
multiple keys, and forwarding these fanout RPCs through the
owning service is undesirable [83].

A remote cache sidesteps these issues. The owning service
retains exclusive control of writes and schema evolution while
the cache absorbs read traffic, improving latency, increasing
read throughput, and reducing demand on storage. A platform
team can even operate this tier as shared infrastructure, though
the owning service must grant it controlled read/write access.

We present a remote cache CRINK (Consistent Remote
In-memory Key-value cache) with two possible architectures,
CRINK-R and CRINK-L. Like other remote caches they cannot
match CLINK’s performance because each access incurs net-
work transfer, serialization overheads, and overreads [8]. They
do, however, provide strong consistency, which traditional
lookaside caches do not.

Application
servers

Write(C, )

| e oo
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Figure 9: CRINK-R: Remote deployment of CLINK. CRINK-R is
a sharded strongly consistent remote write-through cache.

7.1 CRINK-R

CRINK-R (CRINK - Regular) deploys the CLINK architecture
as a standalone caching service using a write-through pattern.
It retains the auto-sharder and WriteGuard mechanisms to
enforce ownership and consistency. Writes flow through
CRINK-R to storage, and subsequent reads are served from
memory. This setup runs CLINK out-of-process and allows
downstream services to share a strongly consistent cache.
Figure 9 shows an application writing key Cso through
CRINK-R and reading C45 from the cache.

7.2 CRINK-L

CRINK-L (CRINK - Layered) decouples consistency metadata
from value storage (Figure 10). A lightweight version service
maintains auto-sharded assignment consistency while values
reside in a generic lookaside cache like Redis that need not
be consistent.

For reads the client queries both the version service and the
cache in parallel. Once both fetches complete, if the versions
match then it returns the cached value, as with Cys in Figure 10.
If they differ it falls back to storage and may refresh the cache.
For writes the client commits through the version service and
pushes the value to the cache asynchronously, as with Csq in
Figure 10. Any delay in this propagation is harmless because
a version mismatch always triggers a storage read. A small
client library can hide these details from applications.

CRINK-L improves on the monolithic CRINK-R design by
enabling independent scaling, layered consistency, and flexible
consistency. Independent scaling lets the value cache (e.g.,
Redis) replicate for scale while a separate service supplies
small consistent versions. Because the approach is layered, it
can add linearizability to existing eventually consistent caches.
It is flexible since it allows applications to read from the cache
for eventual consistency or consult the version service for

Application servers
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ReadVersion(C,,) UpdateData(C,,)

WriteVersion+Data(C,,)
ReadData(C ;)

Version Cache

! Generic Lookaside ®
{ Cache, e.g,, Redis @ !

Figure 10: CRINK-L: The version service maintains consistent
versions, while values reside in an ordinary lookaside cache.



linearizability. Note that Chrono offers similar capabilities
but has several issues including temporary blocking of cached
reads after each write (§4.2).

8 System implementation

Auto-sharder with strong ownership: We implemented an
auto-sharder with strong ownership, inspired by Centrifuge [7].
When an assignment changes, the previous owner explicitly
relinquishes its lease to ensure consistent transitions. The auto-
sharder supports asymmetric replication as discussed in §2.3.1.
It guarantees that all pods agree on the assignments; it supports
the API to check continuous assignment of a key at the appli-
cation pod without coordination with the auto-sharder. The
assigner logic is implemented in about 12000 lines of Scala.

Cache: The cache is implemented in approximately 6000
lines of C++. We implemented the protocols and the data
structures described in §6, i.e., GuardMap, CacheMap and
OpMap. Storage splitpoints are obtained by periodically
probing the underlying storage system (TiDB). We implement
CLINK, CRINK-R, and CRINK-L as described above.

Storage: We used TiDB [44] as a representative distributed
database. TiKV is the storage engine that TiDB uses. We
add a new API (SetGuard) to TiDB (Version 7.5.1). The
TiDB placement driver (PD) is responsible for splitting and
migrating key ranges that are stored on TiKV. We modified
TiDB (1 717 lines of Rust for TiKV, 1 229 lines of Go for TiDB
SQL layer, and 7 57 lines of Go for PD) to add the support
for WriteGuard installation and checking. WriteGuards are
implemented as in-memory state, and are cleared upon storage
pod restart or failure without affecting correctness. The entire
TiDB modification took roughly 1 person-month, showing
that changes are fast and lightweight.

9 Evaluation
Our evaluation addresses four questions:

* Per-core throughput: Does CLINK scale per-pod? Our
unoptimized prototype reaches about 1M ops per core.

* WriteGuard overhead: What latency and throughput
cost do WriteGuards introduce? WriteGuards add
negligible overhead.

¢ Read performance: How do CLINK and CRINK
compare to other strongly consistent caches? CLINK
reduces read tail latency by three orders of magnitude,
and CRINK improves tail latency by 2.2-2.4 X.

e Multi-replica writes: What is the cost of serving a hot
key from multiple pods? Additional replicas introduce
modest coordination overhead on writes.

9.1 Methodology

Experimental setup All experiments run on production clus-
ters. For storage, we use 9 TiKV pods, 6 TiDB pods, and 3 PD
pods. Each TiKV pod s provisioned with 15GB of memory and
30 vCPUs. We use 6 pods for application servers, each is provi-
sioned with 16 vCPUs and 16GB of memory. As is the case in

most prior work [10,36,37,47,54,60,67,68,85,91,98-100],
we measure latency from the application server’s perspective
which is using the cache. The internal cluster runs on cloud
networks with single-digit-millisecond latency.

Workloads We evaluate CLINK and CRINK using public
Meta [5, 15] and Twitter [88] traces, plus an internal Unity
Catalog (UC) production trace. While Meta and Twitter are
simple key-value workloads, Unity Catalog reflects a complex
serving workload where each request requires 6—8 storage
fetches to compose the value. The traces differ significantly
in read-write ratios and object sizes: Meta is =~ 70% reads with
~ 10B median values; Twitter varies from read-heavy (82—
99%) to write-heavy (31-50%) with 230B values; and Unity
Catalog is read-heavy (99.4%) with large ~ 23KB values.
We present performance comparisons across all three traces
in §9.4.1. Due to space constraints, the remaining focused
evaluations use only Unity Catalog and synthetic workloads.

Baselines We compare our linked (CLINK) and remote
(CRINK-R, CRINK-L) caches against several baselines.
Chrono [81] (§4.2) uses the 5s attempt timestamp given in
[81]. Version performs a storage version check on every read,
while Storage accesses the underlying store directly.

9.2 CLINK throughput

We measured CLINK’s throughput as we increased the number
of cores. Figure 11a shows that CLINK scales near linearly,
sustaining approximately one million read operations per
second per core, reaching 22.8 million QPS at 24 cores.
Because all reads come directly from memory and require no
cross-machine coordination, throughput grows proportionally
with available CPUs.

Our throughput results are not intended to represent state-of-
the-art cache performance. The prototype focuses on validat-
ing the WriteGuard primitive rather than maximizing raw effi-
ciency, so it omits optimizations such as lock-free indexing, ad-
vanced eviction strategies, CPU-cache-optimized data layouts,
and kernel-bypass or co-designed network stacks [10,24,57,60,
61,91]. Even without these techniques, CLINK achieves reason-
able CPU performance, and the experiments below show that
caches using WriteGuards can provide practical and efficient
linearizable reads without the penalties of prior approaches.
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Figure 11: (a) Throughput scalability of CLINK over increasing
number of CPU cores (b) Overhead of WriteGuards (WG) on the
storage layer, comparing both the throughput (kQPS) and the write
latency (ms).
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QPS on a single key to stress test the impact on read latency.

9.3 Overhead of WriteGuards

To quantify the overhead of WriteGuards in the storage layer,
we measured throughput and latency under a write-only work-
load designed to maximally stress the WriteGuard mechanism.
Figure 11b presents the throughput and latency results at 75%
storage layer CPU utilization. We observe that neither through-
put nor latency is adversely affected by WriteGuards, as they
introduce only a lightweight conditional check. Furthermore,
SetGuard operations occur per assignment change (which
is infrequent, as shown in Figure 14) rather than per write,
thereby imposing minimal overhead on the storage layer.

9.4 Read latency evaluation

We now compare CLINK and CRINK against existing solutions,
and analyze how write traffic and resharding affect read latency.

9.4.1 Performance on production traces

Figure 12a summarizes steady-state read latency. We omit
Pso latency, as it follows a similar trend, and Pyg latency,
which primarily reflects cache misses. Across all systems and
percentiles, CLINK demonstrates the lowest latency (Pyg of
0.5us—4.2us), remaining well below remote caches and signifi-
cantly outperforming Storage (Poo of 4.8ms—10.3ms). Version
(Poo of 3.3 ms-9.0 ms) offers only marginal improvement
over Storage, as the latency is dominated by the overhead of
accessing storage. By storing values in the application address
space and leveraging WriteGuards to bypass coordination on
the read path, CLINK achieves latencies orders of magnitude
lower than the alternatives.

For remote caching architectures, Figure 12a demonstrates
that CRINK-R/CRINK-L (Pyg of 0.65ms—3.2ms) outperform
Chrono (Pyg of 2.3ms—5.5ms) across all workloads. This per-
formance gap arises because Chrono writes use an attempt
timestamp Ss in the future (the default recommended in [81]),
preventing reads from being served from the cache for that du-
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ration after every write. Our measurements show that Chrono
has alower hit rate due to this; consequently, its Pyg latency par-
tially reflects storage access times. Chrono also adds additional
latency on every read and write path, by requiring a concurrent
timestamp check to the remote Chrono service that tracks times-
tamp bound per-key, adding some variability to read latency.

9.4.2 Sensitivity to write traffic

We next measure read latency sensitivity to write traffic.
Figure 12b varies write QPS for the Unity Catalog trace (by
converting reads to writes in the trace), comparing CLINK
against CRINK-R, CRINK-L, and Chrono. Latency remains
stable as in-flight writes increase, except for Chrono, where
frequent timestamp updates narrow the cacheable read
window. Since writes are distributed and few keys see high
write QPS, the overall impact on read latency is minor.

Figure 12c shows an adversarial microbenchmark for CLINK
varying concurrent write QPS on a single key. Since CLINK pre-
vents cache population during writes, latencies rise to storage
levels (2ms—2.8ms) when hit rates drop below the target per-
centile. Specifically, Pyg spikes at 80 write QPS, while Pyy and
Psq spike at 200 and 400 QPS. These thresholds significantly
exceed observed production rates for write QPS on a single key.

9.4.3 Sensitivity to resharding

Figure 13a shows that even during resharding events (with
0.5% traffic churn), CLINK maintains 100% availability and
low latency. This is because key assignment is adjusted quickly
(<20 ms, small enough for retries to succeed), which results
in negligible impact on read latency and availability. Figure 14
shows the percentage of load moved per minute for load
balancing purposes for three production services, indicating
that churn is typically < 0.2%. This means that resharding
and the subsequent SetGuard operations triggered for the
newly assigned slices have negligible impact on read latency.
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Figure 14: Minimal churn observed in practice. Figure shows the
percentage of load moved per minute for load balancing over 30 days
for 3 critical services.

Similarly, upon rolling restart, the auto-sharder can proactively
migrate the slices to the new pod with state transfer between
old and new pod [53], ensuring minimal impact on latency.
Depending on the workload, the storage layer (e.g., TiDB)
may also undergo resharding (Figure 15). However, the impact
on service availability and write latency is negligible, as
WriteGuards are preserved across ownership changes (§6.2.1).

9.5 Asymmetric replication

CLINK manages hot keys by first isolating the target key on
a single pod, then asymmetrically replicating it across addi-
tional pods when load exceeds the capacity of a single pod.
Figure 13b demonstrates the auto-sharder dynamically adding
replicas as the read QPS increases. Figure 13c shows that write
latency increases only modestly with additional replicas due
to coordination overhead. We artificially lowered pod capacity
for this experiment, as triggering 5 replicas on standard 16-core
pods normally requires 80M+ QPS on a single key. Note that
though 5 replicas incurs some overhead for writes, in our expe-
rience such workloads are dominated almost entirely by reads.

10 Related Work

To the best of our knowledge, loosely coupled caches that
provide linearizable reads of state in storage remain largely un-
explored. We summarize the most relevant approaches below.

10.1 Strongly consistent caches

The primary systems that support linearizable cached reads
are Chrono [81] and Chubby [20]. Chubby introduces tight
coupling, and per-key leases limit scalability. Chrono is
remote, requires an additional round trip on each operation,
and blocks cached reads for a period after every write.

25 A
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15 A

# Changes / hour

T
0 5 10 15 20 25
Time (hours)

Figure 15: Frequency of resharding events in the TiDB storage
layer. The changes capture either the addition or removal of at least
one shard. This shows resharding happens over tens of minutes of
granularity.

10.1.1 Chrono

Chrono [81] provides linearizable reads from a remote
cache by tracking, for each key, an upper bound on the commit
timestamps that could have been assigned by the storage
system, and then using storage-provided read timestamps to
determine whether a cached value is guaranteed to reflect the
latest possible write. Chrono assumes an underlying storage
system with two properties. First, the storage system must
support specifying maximum commit timestamp bounds on
writes. Second, it must return read timestamps on reads that
respect transaction ordering and that track current time.

More specifically, to perform a write, a client first proposes
a new maximum commit timestamp bound for the key to
Chrono. If the proposed bound is greater than the current
bound, Chrono accepts it and the client issues the write to
storage tagged with that bound. The storage system processes
the write only if it can assign the write a commit timestamp
less than the provided bound.

The cache stores values read from storage together with
their corresponding read timestamps. On a cache lookup,
clients read both the cached value and the latest timestamp
bound for the key from Chrono in parallel. If the cached value’s
read timestamp is greater than the latest bound returned by
Chrono, the cached value is guaranteed to reflect all writes that
completed before the read began, and is therefore linearizable.
Otherwise, linearizability cannot be guaranteed from the
cache and the read must be served by the storage layer.

This design has several drawbacks. First, unlike CLINK, the
cache is remote, so all accesses incur remote cache latency.
Second, clients must choose write timestamp bounds far
enough into the future for writes to succeed, but larger bounds
delay when storage reads become cacheable. For example,
with the recommended threshold of 5 seconds, a write on a key
K prevents cached reads of K for the next 5 seconds; any write
rate higher than one every 50 seconds on a key yields a hit
rate under 90%. Third, both reads and writes require an extra
round trip to Chrono, adding latency and creating an additional
availability dependency. Finally, the storage layer must support
rejecting writes that exceed a maximum timestamp and must
return read timestamps that are guaranteed to be greater than
the last committed write. We believe these requirements are
more invasive than our WriteGuard approach.

10.1.2 Synchronous invalidation (e.g. Chubby)

Another approach to strong consistency relies on reader
leases and synchronous invalidation such as those provided
by Chubby [20]. In such systems, a cache pod may serve a
cached value only while it holds a lease for the corresponding
key or object. Before committing a write, the storage system
must synchronously revoke or invalidate all outstanding reader
leases to ensure that no cache can subsequently serve stale data.

This approach tightly couples the cache and storage layers
because the storage system must track cache ownership and
coordinate invalidations across cache instances. It also scales



poorly for distributed caches serving millions to billions of
keys, as the storage system must maintain lease state for every
cached key. In discussions with Chubby production engineers,
we learned that synchronous invalidations increased load on
the service because writes were forced to wait for lease recalls
and invalidation acknowledgements. Slow, stalled, or crashed
clients could delay writes until lease expiration, leading to
high write tail latency and reduced throughput. To the best of
our knowledge, no modern general-purpose scalable storage
system exposes distributed reader leases or synchronous
invalidation as a client-facing primitive.

Note that CLINK also uses synchronous invalidation when
a hot key is replicated across multiple pods (§6.5). However,
unlike lease-recall schemes that apply broadly across all keys,
this mechanism is used only for the small subset of hot keys
that require replication, substantially reducing the amount of
coordination required in practice. In addition, invalidations
are exchanged directly between application pods, rather than
requiring the storage system to participate in lease recall from
application servers.

10.2 Storage-layer caches

Many storage systems natively support automatic block
or row caching of popular tables and rows for fast
lookups [32, 45, 56, 69, 73-75, 86]. While such caches
provide linearizable reads, the storage layer quickly becomes
a performance bottleneck [88, 92, 93], causing practitioners
to explore solutions based on external caches.

10.3 Caches with weak read consistency

Many caches [11, 13, 16, 18, 23, 27, 28, 33, 40, 42, 48,
65, 71, 78, 87, 89, 92, 94] are based on TTLs, providing
eventually-consistent and not linearizable reads. Cache
invalidation [6,22,52,67,95,97] has been explored. However,
none of these caches provide linearizable reads. TxCache [70]
provides transactional consistency for in process caches by
validating cached objects against a central database, but it dif-
fers from our approach in several key aspects. First, it does not
guarantee that reads return the latest committed value. Second,
it is not designed for auto-sharded or dynamically rebalanced
systems and therefore does not address correctness under
shifting key ownership. Third, it targets a single relational
database rather than a distributed, sharded storage layer.

11 Conclusion

This work introduced WriteGuards, a lightweight storage
mechanism that prevents delayed writes from previous owners
and enables loosely coupled caches to serve linearizable reads
from memory. Using this primitive, we presented CLINK, the
first in-process datacenter cache that provides linearizable
cached reads with low latency, and CRINK-R and CRINK-L,
two remote variants that offer the same guarantees for shared
and multi-tenant deployments. Our caches are performant:
CLINK reduces tail latency of reads by up to three orders
of magnitude. CRINK-R and CRINK-L also significantly cut

tail latency compared to direct storage access. These results
show that linearizable reads at low latency are achievable in
large-scale, auto-sharded datacenter services through a simple
write-fencing abstraction. We argue that distributed stores
should adopt WriteGuards to allow loosely coupled caches
such as CLINK and CRINK to serve linearizable reads directly
from memory. More broadly, supporting WriteGuards would
open the door to a general ecosystem of strongly consistent
caches layered on top of these stores.
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