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Abstract

Fault-tolerant (FT) far memory systems protect remote state
against memory node failures. Existing designs optimize
erasure coding (EC) around coarse memory units, forcing
objects to fit those units and causing redundant protection
work and amplified remote accesses. Starfish is object-first:
it first reuses valid recovery paths, through retained remote
backups and recomputation, and then uses object behavior to
choose the protection method, granularity, and layout for the
remaining remote object states.

Across 6 applications and 8 workloads, Starfish improves
performance by 2.1x over Hydra and 1.9% over Carbink on
average. It reaches 88.3% of the performance of the same
system without FT. Starfish also reduces network traffic by
8.5x and lowers memory node CPU usage by 7.5X over
Carbink with no extra remote memory cost, while preserving
efficient recovery.

CCS Concepts: » Software and its engineering — Dis-
tributed memory; ¢« Computer systems organization —
Reliability.
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1 Introduction

Memory disaggregation lets applications use memory from
other nodes as remote memory, meeting growing capacity
demand and improving datacenter memory utilization. Re-
cent high-speed interconnects such as InfiniBand [49] and
CXL [26] make this design increasingly practical [9, 21, 41,
54, 56, 83, 84, 98, 114, 119].

Fault tolerance (FT) becomes more challenging when appli-
cation memory moves from one local node to multiple remote
nodes. Once an application’s remote memory state spans
multiple memory nodes, even a single memory node failure
may make part of that state unavailable, causing application
crashes or forcing expensive recovery [55, 121]. Production
experience from Google and Microsoft shows that node fail-
ures are common and disruptive [14, 64, 94]. Traditional
approaches tolerate such failures by periodically checkpoint-
ing application state to durable storage; recent systems instead
maintain in-memory redundancy, as recovery from memory
is much faster than from storage [23, 62]. Recent far memory
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systems also treat FT as a core design concern and maintain
redundancy in remote memory [47, 55, 71, 75, 121].

Unfortunately, such in-memory FT is not cheap. Keeping
remote memory recoverable requires redundant state across
memory nodes. Replication (Rep) must keep m+1 full copies to
tolerate m memory node failures, so recent far memory systems
use erasure coding (EC) to reduce redundancy space [47, 55,
121]. Reed—Solomon (RS) coding [81] stores m parity blocks
for every n data blocks, reducing total memory consumption
from (m + 1)X to (n + m)/n.

State-of-the-art solutions. However, EC-based systems trade
lower space overhead for parity maintenance and layout con-
straints. We use two representative systems, Hydra [55] and
Carbink [121], to illustrate these costs. Hydra protects remote
pages, while Carbink packs runtime-managed objects into
larger spans and protects spansets; §2.3 describes both mech-
anisms. We refer to the operation that reads remote state into
local memory as fetch, and the operation that writes local state
back to remote memory under memory pressure as eviction.

Our experiments in §3.1 show that, across four applications,
Hydra and Carbink slow overall performance by 1.6x and
1.5% over Carbink-w/oFT, respectively. Carbink-w/oFT is a
version of Carbink that keeps the same span-based memory
management but disables FT. The main performance overhead
comes from FT-amplified network traffic: under RS(n, m),
each eviction writes the evicted data plus m/n parity data,
slowing local memory reclamation and later fetches. Carbink
further consumes memory node CPU resources up to 59.0%
of compute node CPU usage, mostly for compaction.

Root cause of inefficiency. These inefficiencies stem from
organizing objects around EC layouts. To make EC efficient,
Hydra and Carbink first choose a fixed protection unit and
then force objects to fit this unit (page or span). Object access
and protection layout are coupled by the EC organization,
rather than decided from object-level information.

Target. This paper targets high application performance and
low FT resource costs while maintaining the same failure
tolerance as existing systems. These costs include network
traffic, memory node CPU usage, and remote memory usage.
Major insights. Our key insight is to make FT decisions from
an object-first view, instead of first choosing a fixed protection
unit and forcing objects to fit it. Recent runtime-based sys-
tems show that objects expose useful application semantics
and runtime information [43, 61, 83, 92, 104]. Object-level
information can guide FT decisions in two directions.

First, an object-first view helps decide whether a remote ob-
ject state can reuse a valid recovery path, instead of generating
a new protected version. We identify two such opportunities.
The first is clean eviction: if an object has been fetched but
remains unmodified before eviction, the runtime can retain
its previous remote copy as a valid backup and avoid the
writeback. This opportunity is important under EC-based FT
where each eviction also triggers parity maintenance. In our
evaluated workloads, 4 of 8 have clean-eviction ratios above
90% [109]. The second is recomputation: some remote object

states are derivable from protected inputs, so the runtime
can record how to regenerate them after failures, instead of
continuously protecting them with EC or Rep.

Second, an object-first view helps reduce the cost of new
protection to states. Object size, lifetime, and update intensity
provide signals for choosing how to protect each state. For
example, frequently updated or short-lived states may be
better protected with Rep, while more stable states can be
batched into EC stripes for lower space overhead. These
signals also guide the protection granularity and EC layout,
such as whether to pack multiple small objects together or split
a large object into fragments. Fine-grained access workloads
further expose this opportunity: many applications use only a
small fraction of each fetched coarse unit, leaving room for
object-granular management to reduce access amplification.
Challenges. However, exploiting object-first management for
FT introduces three challenges. First, reusing existing recov-
ery paths must remain space-efficient and correct. Retaining
remote backups for all fetched objects would turn local mem-
ory into an inclusive cache and waste remote memory, while
recomputation must ensure that declared inputs are recover-
able and unchanged when the recipe is used. Second, remote
object states that still need new protection cannot simply
use existing EC layouts at object granularity. A Hydra-style
design would split each small object into EC chunks across
memory nodes, making fetches sensitive to stragglers, while
a Carbink-style design makes compaction more frequent and
expensive (see §3.2). Third, object-first FT requires runtime
object behavior information, but tracking every object event
or access would be expensive. The runtime must therefore
obtain useful object-level signals at low overhead.

To address these challenges, we propose Starfish, an object-
first fault-tolerant runtime-managed far memory system.
Starfish uses object behavior and semantics to choose among
backup reuse, recomputation, replication, and EC. Reusing
Valid Recovery Paths selectively retains useful remote back-
ups under a bounded budget and uses runtime abstractions to
track recomputable states and their protected inputs. Behavior-
Guided Protection then uses behavior profiles to choose the
protection method, granularity, and layout for states that
require new remote protection. Starfish obtains these signals
at low overhead by grouping objects with similar behavior.
Results. We evaluate Starfish with 6 applications and 8 work-
loads covering diverse types and memory access patterns.
Starfish improves overall performance by 2.1x over Hydra and
1.9% over the state-of-the-art runtime-managed far memory
FT system Carbink on average, and by up to 3.9 over Carbink.
It reaches 88.3% of the performance of a system without FT.
Starfish also reduces network traffic by 8.5x over Carbink,
lowers memory node CPU usage by 7.5X%, and uses 4.9% less
remote memory. These results show that object-first FT can
preserve strong recoverability while substantially reducing the
performance and resource costs of far memory FT. Starfish is
available at https://github.com/ICTPLSys/Starfish.
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Figure 1. Erasure coding protects data blocks by redundancy
information in parity blocks. In this RS(4,2) example, a full-
stripe write groups data blocks D;—D4 and computes two
parity blocks, P; and P,. A partial-stripe update to D3 must
read the old Ds, P; and P,, then write D;, P, and P;. When
both D5 and Dy are lost, decoding uses the surviving data
and parity blocks (D1, Dy, P, and P;) to recover them. The m
parity blocks can tolerate m simultaneous node failures.

2 Background and Existing Approaches
2.1 Far Memory Systems

Far memory systems expand a compute node’s local memory
with capacity from remote memory nodes, and tend to place
frequently accessed data in local memory for better perfor-
mance. These systems share common operations: allocating
application state, fetching remote state into newly allocated
local memory (swap in), evicting local state back to remote
memory to reclaim local memory under pressure (swap out),
and freeing the associated local and remote memory space.
Current far memory systems fall into three categories: OS
paging-based[8, 41, 74, 77, 84, 100, 106, 117], hardware-
assisted[21, 39, 44, 56, 58], and runtime-managed[20, 24,
43, 46, 66, 83, 92, 98, 99, 101, 116]. OS paging-based de-
signs fetch and evict data at page granularity, which incur
swap-path overhead and access amplification for fine-grained
accesses[43, 61, 83]. Runtime-managed designs instead ex-
pose remote memory as a remote heap and manage remote
state through application-integrated runtimes [83]; they fetch
and evict data at object granularity, avoiding access am-
plification and enabling finer-grained control over remote
state [43, 61, 92, 116]. Hardware-assisted designs improve
access efficiency with specialized hardware support and are
orthogonal to the software mechanisms studied in this paper.

2.2 Common Fault Tolerance Mechanisms

Fault tolerance protects systems from failures by adding
redundancy. Common mechanisms include replication [5, 11,
29, 34, 96, 107, 111, 112], checkpointing [6, 25, 51, 68, 69,
76], and erasure coding (EC) [7, 10, 37, 48, 52, 86, 87, 105].
Replication tolerates f failures by storing f + 1 copies across
separate failure domains. Checkpointing periodically saves
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Figure 2. Data paths of Hydra and Carbink.

application state and restores from the latest checkpoint,
making recovery coarse-grained.

Erasure coding divides data into n equal-sized data blocks
and computes m equal-sized parity blocks using algorithms
such as Reed—Solomon (RS) coding [81]. Together, the n + m
blocks form an EC stripe; RS(n,m) denotes a stripe with n data
blocks and m parity blocks. As shown in Figure 1, encoding
computes parity from data blocks, and decoding reconstructs
up to m lost blocks from any n surviving blocks in the same
stripe. EC stores only m/n extra parity data, much less than
replication under the same failure tolerance.

However, EC makes updates and recovery expensive. An in-
place partial-stripe update modifies part of data blocks in an
existing stripe, and must update all m parity blocks, requiring
m parity reads and m parity writes. An out-of-place full-stripe
write creates anew stripe by writing n data and m parity blocks,
incurring only m/n parity-write overhead. Recovery is costly:
reconstructing a lost data block requires fetching n surviving
blocks and decoding them. Therefore, production systems
mainly use EC for warm or cold data with infrequent updates
to reduce space overhead [23, 36, 48, 62, 70, 78, 79, 122].

2.3 Existing Fault-Tolerant Far Memory Designs

Hydra [55] and Carbink [121] are two representative EC-
based far memory designs. Hydra is paging-based and protects
remote pages, while Carbink is runtime-managed and protects
remote objects.

Hydra. Hydra protects each remote page as one EC stripe. On
eviction, the compute node splits a page into n data chunks,
computes m parity chunks, and writes the n + m chunks across
memory nodes. On fetch, the compute node reads n chunks
and decodes the page. This fanout makes fetches sensitive to
stragglers, which Hydra mitigates with late binding [55]. Each
eviction remains a full-stripe write with m/n parity traffic.
Encoding and decoding run on the compute node, so Hydra
imposes no EC computation on memory nodes.

Carbink. Carbink protects remote objects by first packing
them into larger fixed-size spans and then grouping every n
data spans with m parity spans into an EC spanset. On eviction,
Carbink writes spans out of place: it batches n evicted data
spans, computes m parity spans, and distributes the n + m
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spans across memory nodes. On fetch, Carbink reads only the
data span containing the target object from one node.

This design reduces straggler sensitivity compared to Hydra,
but complicates remote space management. Each eviction is
a full-stripe write and adds m/n parity traffic. As Carbink
uses exclusive remote memory, fetching a span into local
memory invalidates its original remote span slot, leaving
a dead span inside the spanset. Such dead spans cannot
be reclaimed immediately if other live spans in the same
spanset still depend on the spanset for recovery. Directly
filling such dead spans with new spans would require span-
sized partial-stripe updates with high parity traffic, so Carbink
performs compaction: it merges fragmented spansets into new
full spansets and reclaims dead spans. Compaction avoids
frequent partial parity updates but adds extra remote memory
usage and memory node computation.

3 Motivation

We quantify the performance and resource overheads of exist-
ing fault-tolerant far memory systems. We then discuss the
opportunities enabled by object-first runtime design and ex-
plain why simply applying it to existing systems is insufficient.

3.1 Problem: Overhead From Fault Tolerance

Baselines and Workloads. We use two state-of-the-art fault-
tolerant far memory systems, Hydra [55] and Carbink [121],
as baselines to demonstrate the application performance degra-
dation, and resource overhead in CPU, memory and network
traffic. We compare them against Carbink-w/oFT, a system that
uses the same span-based memory management as Carbink
but disables fault tolerance. We evaluate four real-world ap-
plications: GAPBS BFS (BFS [15]), llama.cpp (LLM [38]),
in-memory key-value store (KV [45]), and Nhop (NQ [40]),
which have different memory access patterns and data struc-
tures. The local memory is configured as 25% (25% of
applications’ working set resides in local memory). Refer to
§ 6.1 for more setup details.

Overall performance overhead. We first evaluate the overall
performance by using application throughput under the same
workload. As shown in Figure 3, Carbink performs better than
Hydra by 1.1x to 1.2X across applications. However, when
compared to Carbink-w/oFT, performance decreased by 1.6x
and 1.5X on average. The next paragraph explains why.
Network Traffic Overhead. Network traffic explains why FT
turns eviction into a new bottleneck for far memory. In Carbink-
w/oFT, fetch and eviction are roughly balanced: evicting one
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Figure 4. Network traffic and network message rate across
applications. Normalized to Carbink-w/oFT and lower is
better.

unit of object data frees one unit of local memory, which
can then be used to fetch one unit of remote data. Under
Hydra and Carbink, however, each eviction also writes parity
data for protection. With RS(4,2), evicting one unit of object
data generates 1.5% write traffic. These applications already
saturate the NIC bandwidth at about 12 GB/s in Carbink-
w/oFT. Therefore, the extra parity traffic directly lowers the
memory reclamation rate to only 67% of the non-FT rate. Later
fetches are limited by this rate, as shown in Figure 4(b) and
(c). Thus, FT makes eviction the bottleneck of the far memory
data path. Besides, Carbink outperforms Hydra because it
is less exposed to fetch-path stragglers, as discussed in §2.3.
Figure 4(a) shows that Carbink reduces the message rate by
approximately 4.0x compared with Hydra.

Despite the overall performance gain compared to Hydra,
Carbink also consumes more remote space and CPU resources
on the memory nodes for compaction.

Space Overhead. Both Hydra and Carbink use erasure-coding
parity to protect far memory data. As shown in Figure 5,
they consume up to 52.3% and 76.7% more remote memory
space than Carbink-w/oFT, respectively. This overhead comes
from two sources. First, RS(4,2) parity adds up to 50% space
overhead over the original remote data. Second, memory
fragmentation adds another 2.3% in Hydra and 26.7% in
Carbink. Carbink suffers more fragmentation because of
its coarse-grained swapping design. To avoid expensive EC
partial updates, Carbink evicts cold spans out of place and
writes them to new memory node locations to form new
spansets. It then relies on compaction to reclaim dead spans,
as discussed in § 2.3. This reduces partial-update traffic, but
consumes nontrivial memory node CPU resources.

CPU Overhead. As shown in Figure 5, Carbink consumes
substantial memory node CPU resources. On average, its
memory node CPU usage reaches 35.9% of the compute node
CPU usage, and rises to 59.0% for KV. Most (75.8%) of this
CPU time is spent on compaction, which reclaims stale spans
left by Carbink’s out-of-place eviction path. The cost varies
significantly across applications. KV and NQ consume, on
average, 4.1x more memory node CPU resources than BFS
and LLM. KV and NQ’s random access patterns create more
dead spans, increasing compaction CPU cost.
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In this motivation experiment, we assign all 24 cores of
each memory node for compaction to minimize fragmentation.
Reducing the compaction budget to 6 remote cores, 25.0%
of the application CPU resources, increases Carbink’s re-
mote memory consumption from 1.7X to 2.3X. This confirms
that Carbink controls fragmentation by spending substantial
memory node CPU resources. This cost matters because disag-
gregated memory nodes are typically provisioned with weak
compute [44, 84], and CXL memory devices may expose no
usable CPU at all [39, 56].

3.2 Opportunities and Challenges of Object-First FT

Opportunities. Runtime-based far memory systems already
manage memory at object granularity. Objects expose appli-
cation semantics and runtime behavior for optimization. We
argue that the same object view can also reduce FT overhead.
First, it helps decide whether a remote object state can reuse
a valid recovery path instead of generating a new protected
version. A clean object with a valid remote backup can be
evicted without new data or parity writes, and recomputable
states can be rebuilt from protected inputs instead of being
protected. In our workloads, 4 of 8 have clean-eviction ratios
above 90%. Second, for remote object states that do require
new protection, object size, lifetime, update intensity, and
access behavior can guide the protection method, granularity,
and layout. For fine-grained access workloads, an object-
granular runtime without FT improves performance by 2.7x
over Carbink-w/oFT on average, showing the benefit of pre-
serving object granularity before adding FT. Carbink is well
matched to its target workloads, where large objects occupy
the majority of memory [121, §3.3]; our point is that mod-
ern workloads also include many fine-grained objects, where
span-based management and protection perform poorly [109].
Challenges. These opportunities are hard to realize with exist-
ing FT designs. Simply keeping a remote backup for every lo-
cal object is too expensive: under a 50% local memory setting,
an inclusive remote cache requires extra remote space equal to
1.0x of the local memory footprint. The runtime needs object-
level knowledge to keep useful backups. Recomputation must
guarantee correctness: if inputs of recomputation recipes have
changed, regenerating the object may produce incorrect state.

Naively making existing EC layouts object-granular is
also insufficient. We build two variants, Hydra-Obj and

Carbink-Obj, over the same object-level runtime without
FT; we call this baseline Non-FT. Hydra-Obj treats each ob-
jectas an EC stripe, which increases message rate by 4.0x and
P99 latency by 9.8 over Non-FT. Carbink-Obj packs n equal-
size objects into an EC stripe, but object-size heterogeneity
makes stripe reclamation harder; it increases remote memory
usage by 1.2x and CPU usage by 2.3x over Carbink. Finally,
tracking every object event would add critical-path overhead
and make object behavior profiling a new bottleneck.

Together, these observations motivate Starfish: an object-
first FT design that avoids unnecessary protection work and
reduces the cost of new protection.

4 Starfish Design
4.1 Overview

Deployment Scope. Starfish targets far memory systems with
multiple memory nodes in separate failure domains, where
nodes can fail independently. These nodes can be RDMA-
connected memory nodes or separate physical CXL memory
devices connected through a CXL switch. A single CXL
memory expansion card attached to a single host has only one
memory-device failure domain and is therefore outside our
scope. Our prototype uses RDMA-connected memory nodes.
Fault Model. Like prior fault-tolerant far memory systems [47,
55,71, 121], Starfish targets fail-stop failures of memory nodes
while the compute node remains alive. It protects remote
application state against a configured number of simultaneous
memory node failures, but does not protect compute node
state or tolerate Byzantine failures. Under this fault model,
Starfish provides the same application-visible recoverability
as Hydra and Carbink while reducing fault-free performance
and resource overheads.

Recovery-path invariant. Starfish treats fault tolerance as
maintaining a valid recovery path for each remote object
state. A recovery path can be an existing protected remote
state, a recompute recipe to regenerate the state, or a new
state protected by Rep or EC. During normal execution,
object events such as fetch, eviction, mutable access, and free
may change an object’s location or value. Starfish preserves
correctness by ensuring that, before a remote object state
leaves local memory, the state either still has a valid existing
recovery path or has a new protected state.

Workflow. Figure 6 shows this workflow. For each object event,
Starfish first checks whether the resulting remote object state
can reuse an existing recovery path. Clean evictions reuse
retained remote backups, and recomputable states use a recipe
to regenerate the state from protected inputs. The remaining
states become protection requests, for which Starfish creates
new protected state and uses object behavior to choose the pro-
tection method, granularity, and layout. The rest of this section
follows this flow: §4.2 describes the runtime substrate, §4.3
explains recovery-path reuse, §4.4 describes new protected
state creation, and §4.5 describes recovery.
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4.2 Runtime Substrate: Behavior Groups and Metadata

Starfish uses two runtime structures to manage recovery paths
at object granularity. Behavior groups summarize object
behavior at region granularity, and object metadata records
the current recovery path and location of each remote object
state. Together, they let later stages choose backup reuse,
recomputation, Rep, or EC without making regions or stripes
the unit of object access.

4.2.1 Behavior Groups and Profiles. Starfish collects be-
havior signals at region granularity. Region-based organization
is common in managed runtimes and allocators [17, 18, 31];
Starfish uses it as a profiling and placement substrate for FT.
A region is a contiguous allocator-managed area used for
allocation, deallocation, and profiling; by default, a region is
256KB. A remote region is placed on a memory node, and
its compute-side descriptor records the memory node, remote
base address, and pointer to recovery metadata. A behavior
group contains regions whose objects show similar access,
update, size, and lifetime behavior. Regions and groups are
not units of access: objects are still fetched, evicted, protected,
invalidated, and reclaimed independently.

A group profile tracks the signals needed by later policies:
fetch and refetch behavior, clean/dirty eviction ratio, update
intensity, object-size bucket, and protected-state lifetime, i.e.,
the time before a protected version is invalidated, overwritten,
or reclaimed. Prior far memory runtimes also use program
or object behavior to guide placement and migration [43, 61,
92, 99]; Starfish uses similar signals to guide recovery-path
reuse and protection layout. These signals tell Reusing Valid
Recovery Paths whether a fetched state is likely to be evicted
cleanly, and tell Behavior-Guided Protection whether a state
is transient, stable, small enough to pack, or large enough
to split. Aggregating them at region and group granularity
avoids storing excessive metadata in every object reference.

Starfish initially assigns regions to groups using allocator-
visible keys, such as allocation site, object type, and size class.
It updates group profiles over profiling windows, where each
window is a batch of object lifecycle events such as fetches,
evictions, dirty evictions, frees, and protection invalidations.

(a) 64-bit object reference
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Figure 7. Starfish object metadata. (a) A 64-bit reference
packs state bits. For remote objects, the payload either (b)
stores a region ID and offset directly or (c) points to an
indirect entry holding recovery-path fields that do not fit in
the reference.

The fast path updates only lightweight counters using the
event type and object metadata bits. At window boundaries,
Starfish refines a group only when one policy would make
conflicting decisions for different regions; future allocations
or protection requests use a more specific predicate, without
migrating existing objects solely for profiling.

4.2.2 Object State and Recovery Metadata. Starfish stores
the metadata needed by common object operations in a com-
pact 8-byte object reference, and uses auxiliary metadata
only when a recovery path needs more information than the
reference can encode. Each object has a runtime-managed
reference. Figure 7(a) shows the reference layout. The first
fields are common in far memory runtimes: P marks whether
the object is local, D marks a dirty local copy, M marks
relocation or layout transition, A is a sampled access bit, and
H stores a small hotness hint. Starfish adds B to mark a valid
retained remote backup, I to indicate that the payload points
to an indirect entry, and LC to record the recovery-path class:
no protection, backup, recompute, Rep, or EC. RSV contains
reserved bits. If the object is local and does not need indirec-
tion, the reference payload directly stores the local address.
Runtime dereference operations may return multiple local
C/C++ pointers to the same object (see §4.3), but each object
has a single runtime-managed reference that holds its state
bits. When the application code requests mutable access, the
runtime sets the D bit in that object’s reference. The returned
local C/C++ pointers do not maintain separate dirty bits.
For remote objects, the reference payload either stores a
remote region ID plus an offset, or stores an indirect-entry ID.
The direct case locates the remote address through the region
descriptor and follows its pointer to recovery metadata when
Rep/EC metadata is needed. The indirect case records extra
recovery information that does not fit in the reference, such
as multiple replica locations, a retained backup plus a local
copy, or a stripe ID, offset, length, and fragment list for EC.
An EC stripe contains data fragments and parity fragments.
When EC packs small remote object states, a data fragment is
divided into fixed-size slots; each live slot stores one remote
object state or one fragment of a split state. Large remote object



states can occupy multiple fragments and use an indirect entry
to record the fragment list. Fetch, eviction, mutable access,
free, and recovery update object metadata, but they do not
make a spanset or stripe the unit of access. Replicas and EC
stripes remain protection and recovery units; remote objects
remain independently fetched, invalidated, and reclaimed.

4.3 Reusing Valid Recovery Paths

Before creating new protected state, Starfish checks whether
the remote object state already has a valid recovery path. A
retained remote backup can recover a fetched object that is
evicted cleanly, and a recompute recipe can regenerate derived
state from protected inputs. When neither path remains valid,
the state becomes a protection request for §4.4.

Programming model. Starfish builds on the programming
model of existing runtime-managed far memory systems [43,
61, 83, 92]. Applications access remote objects through run-
time APIs. deref returns read-only access, while deref_mut
returns writable access and marks the object dirty. A derefer-
ence scope bounds returned local pointers. Starfish uses these
existing events to maintain recovery paths for fault tolerance.

4.3.1 Selective Remote Backup. After fetching a remote
object, Starfish may keep its existing protected remote version
instead of immediately invalidating it. This retained version
is a remote backup. A backup is useful only while it still
represents the current remote object state, so Starfish records
backup validity in object metadata.

The backup remains valid as long as the fetched object is
accessed only through deref. When an object is evicted while
still clean, Starfish reuses the backup by discarding the local
copy and restoring the object mapping to the retained remote
version. This avoids a new Rep/EC write. For EC-protected
objects, it also keeps the old stripe slot valid, so a clean
fetch—eviction cycle does not change the stripe organization.

deref_mut invalidates the backup because the local copy
may be changed. Starfish clears the backup state and releases
the retained version according to its old protection layout:
replicas can be freed directly, while EC slots are marked
invalid and reclaimed through stripe management. If the dirty
object is later evicted, it must either use another valid recovery
path or enter the new-protection path.

This reuse is hard to exploit in span-granular systems: a span

becomes dirty once any packed object is modified, so span-
granular cleanness tracking loses most reuse opportunities,
especially for small objects.
Budgeted selection. Starfish retains backups under a config-
urable remote memory budget, set to 10% of total memory by
default. The policy is group-level: a group receives backup
budget when its profile predicts high saved protection work
per retained byte. Starfish ranks groups by
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// Application computation code.
void recompute_a(DerefScope& s, Obj a, Obj b, Obj
c) {
MUT_PTR* out = a.deref_mut(s); // output
IMMUT_PTR* in_b = b.deref(s); // input
IMMUT_PTR* in_c = c.deref(s); // input
*out = compute(xin_b, *in_c);

}

// Actual application call.

DerefScope s;

recompute_a(s, a, b, c);

// Extra recovery declaration.

// mark_recomputable (output, inputs, entry,
entry_args)

s.mark_recomputable(a, {b, c}, recompute_a, {a, b,

c});

Figure 8. Marking a recomputable remote object state. The
application reuses the computation function as the recompute
entry and adds one call to declare the output, inputs, and
recovery arguments.

where Preferer, €Stimates whether a backup will be reused,
P.lean estimates whether the fetched object remains clean until
eviction, Cayeig €stimates the avoided Rep/EC write, parity
update, and message cost, and By is the retained backup bytes.
When the budget is tight, Starfish reclaims backup budget from
groups with lower benefit per byte; per-object history, such as
recent clean or dirty evictions, only refines decisions within
groups that receive backup budget. Thus, Starfish captures
useful clean eviction reuse without tracking every local access
or making every fetch run a heavy policy.

4.3.2 Recomputation Recipes. For derived remote object
states, Starfish can use a recompute recipe as the recovery path.
A recipe records the output, protected inputs, and recompute
entry point. Starfish stores this recipe instead of continuously
protecting the output with Rep/EC, trading normal-execution
protection work for recovery-time computation.

Insight. Starfish treats a DerefScope as a recomputation
boundary. Runtime-managed far memory already groups pro-
gram code blocks that include remote memory access into
scopes, and distinguishes read-only and mutable dereferences.
Starfish uses this existing boundary: read-only dereferences
identify recipe inputs, mutable dereferences identify recipe
outputs, and later mutable dereferences provide the events
needed to invalidate stale recipes. Thus, Starfish maintains
recomputation correctness without separate dependency track-
ing.

Programming interface. Figure 8 shows the required code
modification: the only extra line is mark_recomputable,
whose first two fields describe the recovery dependency and
whose last two fields describe the recovery call; the compu-
tation function and its call remain normal application code.
An object can appear twice: in Figure 8, a is the output state




and also the destination argument of recompute_a, while b
and c are both protected inputs and function arguments. The
application reuses the normal computation body and does not
manage recipe metadata or invalidation. The same interface
could also let applications mark discardable objects that need
no recovery path after eviction; we leave this extension as
future work.

Runtime support. When mark_recomputable is called,
Starfish creates a recipe that maps the output to the declared
inputs and recompute entry. It also indexes recipes by their
declared inputs. This index covers only explicit recipes;
Starfish does not infer dependencies from arbitrary memory
accesses. The recipe becomes the output’s recovery path only
after the input states have valid recovery paths. If the output
is evicted while the recipe is valid, Starfish does not protect
the output contents through Rep/EC; after a memory node
failure, Starfish restores the protected inputs and reruns the
recompute entry. Starfish uses reference counting [12, 103]
to manage lifetimes for inputs of recipes. Each recipe holds
references to its declared inputs until it is invalidated. Thus, a
free(input) call from application code will not reclaim the
input while an output still relies on it for recovery.
Correctness. Correctness requires a recipe to regenerate the
current output state. A later mutable access to the output
invalidates the recipe and turns the output into a normal
dirty state; its next eviction uses Rep/EC unless another
recovery path applies. Input modification must also preserve
the recovery-path invariant. If an input write would invalidate
a recipe whose output has already been evicted with only
that recipe as its recovery path, Starfish first regenerates the
output and protects it through Rep/EC. Only then does Starfish
invalidate the recipe and allow the input write to proceed.
Thus, invalidation never removes the last recovery path of a
remote object state.

Scope. Starfish only supports deterministic recipes whose
inputs, output, and recovery entry are explicitly declared.
Recipes target derived states with stable inputs; for example,
WC’s map-phase hashmaps derive from read-only input text,
so input writes that force output regeneration are rare in
practice. This is a limitation: Starfish does not infer arbitrary
dependencies, side effects, or nondeterministic executions,
so such states fall back to Rep/EC. Techniques from lineage
and checkpointing systems could reduce this manual burden
by inferring dependency graphs or materializing selected
intermediate outputs to bound long recipe chains [42, 57, 69,
102, 118]; applying them to Starfish is future work.

4.4 Behavior-Guided Protection

When a remote object state cannot reuse a valid recovery path,
Starfish creates a protection request. The request carries object
metadata and the behavior group profile, which guide the
protection method, EC granularity, and EC layout. Algorithm 1
summarizes the policy. Starfish uses EC by default for low
space overhead. It uses Rep only for groups likely to invalidate
protected state soon, such as those with a high dirty eviction

Algorithm 1 Starfish behavior-guided protection

Require: protection request for object o, group profile p,
budgets b
Ensure: new protected state
1: if TRaNsIENT(p) and REPBUDGETSLACK(D) then
2:  protect o with bounded Rep
3 return
4: if FREQUENTLIFECYCLE(p) then
5:  use fine EC slots for object/fragment operations
6: else if STaBLECoLD(p) then
7. use coarser packed EC to amortize coding and metadata
8: else
9:  use size-class packed EC

10: if LARGEOBJIECT(0) and LowFaNoOUTSENsITIVITY(p) then
11:  split o into fragments

12: construct EC through batched region scan when batching
is profitable

rate or a short protected-state lifetime, and only when remote
memory, network bandwidth, and message rate budgets have
slack. Rep is a temporary choice for selected transient groups,
not a system-wide replication mode. Background threads later
consolidate Rep-protected states into EC when the group
stabilizes or the memory budget becomes tight.

The predicates in Algorithm 1 are computed from the group
profile. Replication avoids EC computation but consumes
more remote memory and network bandwidth (§2.2). Starfish
uses Rep to protect new states only when at least 50% of both
budgets remain available (REPBUDGETSLACK); otherwise, it
uses EC. TRANSIENT means a high dirty eviction rate or a short
protected-state lifetime; FREQUENTLIFECYCLE means frequent
fetch, dirty eviction, or free events.

Fine-grained EC reduces read/write amplification and im-

proves access performance, but requires more EC computation
and more work to maintain metadata. Our measurements of
existing systems show that EC computation typically con-
sumes less than 15% of the application’s CPU allocation
and causes little interference with application execution. We
therefore conservatively limit fine-grained EC computation to
10% of the application’s CPU allocation. If this budget is ex-
ceeded, Starfish falls back to coarse-grained EC for objects in
larger size classes. STABLECOLD means a long protected-state
lifetime and a low access/update rate; and LowFANOUTSEN-
SITIVITY means the profile can tolerate fetching multiple
fragments for one object.
Batched EC construction. Starfish improves EC construction
efficiency by exploiting group-level object organization. Re-
gions in the same behavior group often contain many objects
that are likely to be evicted together. Instead of copying these
objects into a separate encoding buffer, Starfish scans the re-
gion and encodes contiguously, improving cache locality and
encoding throughput. The scan range is an encoding choice,
not an application access unit.



EC granularity. Starfish does not force all remote object states
into one fixed EC granularity. Coarser granularity amortizes
coding and metadata cost, so it fits cold or stable states even
when individual objects are small. Finer granularity preserves
object-level fetch, dirty eviction, and free operations, so it fits
frequently accessed or frequently updated states even when
they could be batched. Packed slots are protection layout units,
not fetch units: a fetch resolves the requested object or fragment
from object metadata rather than fetching neighboring objects
in the same stripe. Object size still constrains the layout: size
classes keep packed units regular, while very large states may
be split into fragments when the group profile indicates that
the extra fetch fan-out is acceptable.

Partial EC maintenance. A mutable dereference only marks
the local object dirty and invalidates any retained backup; it
does not update remote EC parity. Remote EC changes happen
when a dirty eviction creates a new protected version, or when
Starfish overwrites or reclaims an existing EC slot. In these
cases, Starfish reads the old slot when needed, computes the
data delta, writes the new slot, and applies the corresponding
parity deltas. A free or invalidation marks the old slot dead
in remote region metadata. The dead slot is unavailable to
the application, but its bytes remain in the stripe until Starfish
reclaims it, so parity remains valid for other live slots. Starfish
reclaims dead slots when a region needs free slots or its dead-
slot ratio crosses a configured threshold; it uses partial-stripe
updates for small changes and full-stripe writes when rewrit-
ing the stripe is cheaper, following the standard EC tradeoff
between small partial updates and batched rewrites [22, 59, 88,
120]. Starfish applies batches of slot and parity-delta writes
through two-phase commits (2PC), keeping every stripe decod-
able when failures hit ongoing updates. Thus, packed EC units
still create dead slots as spans do, but Starfish reclaims them
from the compute node at slot granularity, preserving object-
level lifecycle operations without memory node compaction.

4.5 Fault Recovery

Recovery metadata. The compute node remains alive under our
fault model, so Starfish keeps the metadata needed to interpret
recovery paths on the compute side: object metadata, region
descriptors, indirect entries, stripe metadata, and recompute
recipes. Memory nodes store remote object contents, replicas,
and EC data/parity fragments. Small EC-protected remote
object states usually need no indirect entry: the reference stores
the remote region and offset, and the region descriptor points
to the stripe metadata. Starfish uses indirect entries only when
the recovery path does not fit in the reference, such as Rep
with multiple copies, split large objects, recompute recipes, or
EC stripes with explicit per-object entries. A 16-byte indirect
entry can hold two extra 48-bit remote locations for two-
failure-tolerant Rep. For EC, stripe metadata is amortized
across the stripe: an RS(4,2) stripe needs about 32 bytes with
compact region and chunk IDs. We omit the exact bit layout
due to paper space.

Recovery process. Like Hydra and Carbink, Starfish uses fore-
ground recovery and background repair. Foreground recovery

reads the object reference; it either obtains the remote region
and offset directly or follows an indirect entry. Background
repair starts from failed memory nodes, enumerates compute-
side descriptors for remote regions placed on those nodes,
and follows pointers to recovery metadata for affected objects
or fragments. Existing protected versions, including those
kept across clean fetches, use their recorded Rep/EC path:
Rep reads a surviving replica, and EC decodes the missing
object or fragment. Recompute restores protected inputs and
reruns the recompute entry. If foreground recovery modifies
an object before background repair reaches it, Starfish keeps
the newer state and discards stale repair output.

5 Limitations

Starfish’s approach has several limitations.

Expensive recovery for long recipe chains. Recipe inputs
(§4.3.2) may themselves be outputs of other recipes. Multi-
ple levels of such dependencies can form long recipe chains.
Starfish currently requires programmers to choose recom-
putable outputs and consider the performance cost. The run-
time follows these declarations, so long chains can make
recovery expensive. Protecting selected intermediate outputs
with Rep/EC could shorten these chains [42, 57, 69, 102, 118];
we leave this to future work.

Limited precision of group profiling. Compared to per-object
profiling, group profiling (§4.2.1) reduces overhead but may
mix objects with different behaviors. Finer-grained groups and
more frequent refinement can improve protection decisions
but incur higher overhead. We leave adaptive adjustment of
group granularity and refinement frequency to future work.
Extra programming effort. Like AIFM [83] and Carbink [121],
Starfish requires applications to identify remote objects and ac-
cess them through runtime APIs. Starfish could integrate tech-
niques from Mira [43] and TrackFM [92] to reduce this effort.

6 Evaluation

Our evaluation seeks to answer the following questions:

e Overall performance: How much does Starfish im-
prove application performance over existing FT designs,
and how close does it get to a non-FT runtime? (§6.2)

e Fault-tolerance cost: How effectively does Starfish
avoid unnecessary protection work and reduce the cost
of new protection? (§6.3)

¢ Failure recovery: Can Starfish achieve comparable
failure recovery performance to existing designs? (§6.4)

e Design analysis: How do Starfish’s design choices
behave under different configurations? (§6.5)

6.1 Experimental Setup

Compared Systems and Implementation. We compare Starfish
with Hydra [55], Carbink [121], and Non-FT. We implement
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Hydra’s and Carbink’s FT designs in the same runtime frame-
work, so all systems differ only in their FT strategy; the runtime
eviction path is optimized to sustain NIC line rate.

Hydra-style EC (Hydra). Since the original Hydra imple-
mentation is tightly coupled with an old Linux kernel [89], we
follow Carbink’s methodology [121] to implement a Hydra-
like intra-page EC design, using 8KB pages as in Hydra [55].
Carbink-style EC (Carbink). Since Carbink is not publicly
available, we implement it from the paper [121], including
its span-based layout, out-of-place updates, and compaction
policies. Starfish. This is our runtime with Reusing Valid
Recovery Paths and Behavior-Guided Protection.

Non-FT. Non-FT is Starfish’s object-level runtime without
remote memory protection, and represents Starfish’s perfor-
mance upper bound. It differs from Carbink-w/oFT in § 3.1,
which keeps Carbink’s span-based memory management to
isolate existing FT overhead. We do not include full n-way
Rep as a default baseline because two-failure tolerance would
require three full remote copies and substantially more evic-
tion bandwidth; instead, our default uses EC plus the bounded
budget for retained remote backups. §6.5 separately evaluates
Starfish’s optional Rep path when extra remote memory is
available. We use Intel ISA-L v2.30.0 [50] for erasure-code
computation and implement about 41K lines of C++.

Hardware Setup. We conduct experiments on a nine-node
cluster. Each node has two Intel Xeon Gold 6342 CPUs (24
cores per CPU), 256 GB DDR4 memory, and one Mellanox
ConnectX-5 100 Gbps InfiniBand NIC [72]; all nodes are
connected through a 100 Gbps InfiniBand switch. We use
MLNX_OFED [73] and InfiniBand verbs [49] for inter-node
communication. By default, each application uses 24 cores
and a 25% local-memory ratio. We use one node as the
compute node, four as data memory nodes, and two as parity
memory nodes, forming a (4, 2) erasure-code configuration,
following the default setting in Carbink [121] and Hydra’s
source code [90]. The remaining two nodes serve as standby
failover nodes for recovery experiments.

Workloads. We evaluate Starfish using 6 applications and 8
workloads with representative features. The batch-processing
applications include GAPBS BFS (BFS) [15], llama.cpp
(LLM) [38], NPB MG (MG) [1], and WordCount (WC) [91].
The latency-sensitive applications include Key-Value Store
(KV) [45] and Nhop (NQ) [40]. Our supplementary mate-
rial [109] validates this choice with clean-eviction data and
broader fine-grained-access measurements.

BFS is a graph benchmark from GAPBS. It traverses a graph
using direction-optimized breadth-first search [16]. This al-
gorithm has two phases: one irregularly traverses vertices
through adjacency lists, while the other sequentially scans the
adjacency arrays to traverse the remaining vertices. Therefore,
BFS exhibits mixed random and sequential memory-access
behavior [16]. MG is a scientific-computing application from
the NAS Parallel Benchmarks [13]. It solves a 3D grid prob-
lem using a multigrid algorithm, traverses multiple large grid
arrays, and also exhibits a mixed memory-access pattern [28].
LLM is a large language model inference application. It re-
peatedly streams large model weight vectors during inference,
leading to a mostly sequential access pattern [60]. WC [30] is
an analytic application that counts word frequencies in input
text. All these applications are bandwidth-hungry and can
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Batch-processing applications
Friendster social graph [2, 115],26.91 GiB
LLaMA 2 7B Chat [93] FP32, 27 GiB
NPB Class D [1, 13], 24.14 GiB
English Wikipedia [108], 24.62 GiB
Latency-sensitive applications
Key-Value Store (KV [45])
KV-B: YCSB Workload B [27]
KV-A: YCSB Workload A [27]
KV-S: Synthetic
Nhop Query (NQ [40])

GAPBS BFS (BFS [15])
1lama.cpp (LLM [38])
NPB MG (MG [13])
‘WordCount (WC [91])

95% read, 5% update, 1000M operations

50% read, 50% update, 1000M operations

95% update, 5% read, 1000M operations
Friendster social graph [2, 115], 26.91 GiB, 2M queries

Table 1. Applications and datasets.

saturate the NIC bandwidth, so their overall performance is
sensitive to extra network traffic induced by FT.

KV is a common building block for large-scale online
services such as caching [19]. It organizes 512B key-value
records in hash tables, and serves get and update operations
under different request mixes. We use YCSB [27] as the
workload generator and set the Zipfian skewness to 0.99 to
model a common skewed request distribution [3]. We denote
YCSB Workload B as KV-B, YCSB Workload A as KV-A,
and a high-update synthetic workload as KV-S. NQ [40] is
a graph-query service for social-network workloads [35]. It
stores each vertex’s neighbor list as an adjacency list and
issues 2-hop neighborhood queries. These queries repeatedly
follow adjacency lists across multiple hops, leading to highly
random accesses. Together, KV and NQ stress fine-grained
object accesses and are sensitive to access amplification.

6.2 Overall Performance

In this section, all systems run under normal fault-free execu-
tion, but fault tolerance remains enabled for all FT systems.

6.2.1 Throughput. We evaluate overall performance using
the execution time of the same task; lower execution time
therefore represents higher throughput. Figure 9 shows that
Starfish consistently outperforms existing FT designs under
13%—75% local memory ratios, where remote accesses are
frequent. On average, Starfish improves throughput by 1.9x
over Carbink and 2.1x over Hydra, while reaching 88.3%

memory pressure: at 13% and 25% local memory, Starfish
improves throughput by 2.2x and 2.4x over Carbink, and by
2.4x and 2.6x over Hydra, respectively.

Recovery-path reuse and recomputation. Starfish benefits
most when remote object states can avoid new protection. BFS
traverses stable graph arrays and LLM streams mostly stable
model weights; their fetched states are frequently evicted but
remain clean. Starfish exploits this property through Selective
Remote Backup, improving BFS and LLM throughput by
1.4x/1.4x over Carbink and 1.5%/1.5x over Hydra, while
reducing eviction traffic by 13.4Xx over Carbink and 13.2X over
Hydra on average. MG has less room for this optimization
because 55.8% of its evictions are dirty, but Starfish still
improves throughput by 1.1x over Carbink and 1.4x over
Hydra. WC shows the benefit of recomputation: its map-
phase hashmaps are temporary and rebuildable from the input
text, so marking them recomputable improves throughput by
1.8%/1.9% over Carbink/Hydra on average.
Behavior-guided protection. Starfish also improves fine-
grained workloads by preserving object-granular access in the
FT path. Across KV and NQ, Starfish improves throughput
by 2.3% over Carbink and 2.6x over Hydra, while reaching
61.0%-94.2% of Non-FT’s throughput. KV exposes the effect
of update intensity: Starfish improves KV-B, KV-A, and KV-S
by 2.6X/2.8%, 2.2x/2.4X, and 1.8x/2.0x over Carbink/Hy-
dra, respectively. NQ continues to benefit even at 75% local
memory because its graph footprint remains large. Through
Behavior-Guided Protection, Starfish avoids span-granular
FT updates on the request path and reduces the total network
traffic of these workloads by 14.5x over Carbink and 14.0x
over Hydra; after optimization, the three KV workloads and
NQ consume only 2.8 GB/s and 1.9 GB/s of network traffic
on average, respectively. All throughput results above use
13%—75% local memory. At 100% local memory, all systems
use the same local-memory access path, and Starfish’s runtime
overhead over native Linux is 5.9%.

6.2.2 Latency. We evaluate P99 latency for KV-B and NQ
by varying the offered load. Figure 10 shows that Starfish



[ Carbink [ Starfish

Local EC computation CPU

Metadata space

% app memory Norm. to Carbink

%Q% \/\ﬁ\ @\6 QXC @fb @,Y» d,ca QQ

Figure 12. Starfish compute-node overhead compared with
Carbink. Lower is better.

[ Hydra BN Carbink [ Starfish
(a)

(b)

8,

ve

I - w4
' e £
v H =
0.9550 27 24 26 28 0" Tnode — 2-node
Time (s)

Figure 13. Foreground throughput (a) and background recov-
ery time (b) under failures.

delays the latency cliff and stays close to Non-FT over a wider
load range. For KV-B, at 4.0 Mops, Starfish keeps P99 latency
at 5.3 us, while Carbink reaches 23.4 us and Hydra reaches
1.7 ms. For NQ, Starfish reaches 20.8 Kops, 3.3% higher than
Carbink’s 6.2 Kops and 4.3x higher than Hydra’s 4.9 Kops; at
13.7 Kops, Starfish still keeps P99 at 28.0 ms. This is because
Carbink and Hydra amplify fine-grained requests into larger
network transfers and hit the bandwidth limit, increasing
queuing delay.

6.3 Fault Tolerance Costs

In this section, we quantify how much Starfish reduces the
cost of fault tolerance and whether its own design mechanisms
introduce noticeable compute node side cost.

Network traffic. Figure 11 shows that Starfish reduces total
traffic by 8.5 over Carbink and 8.2x over Hydra on average.
For BFS and LLM, Selective Remote Backup avoids re-
protecting clean evictions and reduces eviction traffic by 13.4x
over Carbink and 13.2x over Hydra; in contrast, Hydra and
Carbink write both data and parity on each eviction, making
eviction traffic about 1.5% of fetch traffic. For KV and NQ,
Behavior-Guided Protection keeps accesses object-granular
and avoids span-level access amplification. NQ exposes this

granularity effect: each vertex’s adjacency list is a variable-
size remote object state, with median size 80B, p90 1.25KB,
and 99.5% of objects below an 8KB span. The runtime chooses
protection granularities automatically; in our run, the smallest
EC slot is 256B, and NQ fetches about 0.65KB per remote
access for 0.49KB of useful adjacency-list data, so roughly
74% of fetched bytes are useful. Starfish reduces fetch traffic
for KV by 12.3%/12.0x over Carbink/Hydra, and for NQ by
3.5%/3.4X.
Memory node resources. Starfish also reduces memory node
resource usage. Across applications, Starfish lowers memory
node CPU usage by 7.5X and remote memory usage by 4.9%
over Carbink on average; on KV, Carbink consumes up to
14.6 cores and 1.8x remote memory. Starfish’s usage already
includes its retained backup budget and FT metadata, while
Carbink loses more space to dead spans awaiting compaction.
CPU overhead comes from Carbink’s compaction: irregu-
lar updates scatter invalid spans across spansets, requiring
memory node CPU work. Starfish instead handles object inval-
idation and reclamation through object-granular EC updates
or full writes from the compute node. Compared with Hydra,
Starfish uses 5.9% more remote memory on average because
Selective Remote Backup retains additional remote backups,
but this overhead stays within 3.8%—7.9% across workloads.
Finally, Figure 12 shows that Starfish adds little compute
node cost. Starfish uses 42.5% less local EC-computation
CPU than Carbink on average because clean evictions avoid
most re-encoding work. Its metadata, including runtime object
references and auxiliary FT/runtime metadata, uses 2.0% of
application memory on average, slightly above Carbink’s 1.4%
due to region metadata, backup/recompute indirection, and
fine-grained FT mappings.

6.4 Failure Recovery

We evaluate recovery by running KV to steady state and
injecting one data memory node failure at 20 s under the
default (4, 2) EC configuration. The failed node is removed
and reconstructed on a standby node while the application
continues running. During recovery, all systems reserve 80%
of network bandwidth for foreground service and 20% for
background reconstruction. Figure 13(a) plots foreground
throughput, normalized to Starfish’s pre-failure throughput.
Starfish keeps the highest throughput throughout recovery; at
the failure point, it drops by 41.5% from its own pre-failure
throughput, while Hydra and Carbink drop by 32.0% and
34.0% from their lower baselines.

Figure 13(b) shows background recovery time. Repair
competes with foreground degraded reads for bandwidth.
Hydra keeps degraded reads close to the normal path, so
repair progresses fastest. Carbink reconstructs span-granular
data for foreground reads, amplifying foreground traffic and
leaving less bandwidth for repair. Starfish recovers in 3.9 s
for one-node failure and 5.9 s for two-node failure, between
Hydra and Carbink, because object-granular degraded reads
avoid most of this amplification.



6.5 Design Analysis

Within-group differences and refinement intervals. Group
profiling reduces overhead but may lead to less accurate protec-
tion decisions than per-object profiling. Frequent refinement
can also increase profiling overhead. Using MG and KV-A,
we measure within-group differences and refinement intervals.
We choose them instead of LLM and BFS, where elements in
the same large array have similar access patterns.

We add per-object access and eviction counters to measure
access frequency and dirty-eviction ratios (§4.3 and §4.4).
For access share, we select the more frequently accessed 50%
of objects in each group and measure their share of group
accesses. For dirty-ratio deviation, we measure the average
absolute difference between each object’s dirty-eviction ratio
and its group mean. Higher values indicate greater within-
group differences. Both metrics are weighted averages across
groups. The access shares are 65.3% for MG and 59.7% for KV-
A. The dirty-ratio deviations are 7.2% and 13.3%, respectively.
These results show that relatively small differences exist within
groups. We argue that more frequent refinement can reduce
these differences.

The mean interval between consecutive runtime refinement
decisions is 643.5 ms for MG and 212.8 ms for KV-A. KV-A
refines more frequently because its key-value pairs can have
different access and update patterns. In MG, neighboring
grid elements have similar access patterns across iterations.
These intervals are on the order of hundreds of milliseconds,
suggesting that refinement is relatively infrequent.

Backup budget. We vary the remote backup budget from
5% to 50% with 50% local memory, using MG and LLM as
examples. Performance is not very sensitive to this budget:
MG is 14.0% slower than its best time at 5% and 11.0% slower
at 10%, while LLM stays within 2.0% across the range. The
policy prioritizes backups that save more protection work per
byte, so a small budget retains the most useful states. We
therefore use a 10% default budget.

Hybridizing Rep. We next give applications an extra 50%
remote memory so the runtime can choose Rep for selected
states instead of always using EC. This tests the optional
Rep branch in §4.4. With the default 25% local memory, this
improves one-node recovery by 1.1%, from 3.9 seconds to 3.6
seconds, under the same failure as in §6.4.

Scalability. We use BFS to test different memory node counts
and RS(n,m) configurations. Starfish achieves the largest
gain under the default RS(4, 2) configuration; under RS(4, 1)
and RS(6,2), the gain is smaller but still reaches 1.2X in
both cases. Larger n/m reduces the relative amount of parity
writes, leaving less FT-maintenance overhead for Starfish to
eliminate.

7 Related Work

Fault tolerance for disaggregated memory. Several systems
target memory node failures in disaggregated settings [32,

47, 55, 71, 121]. FaRM [32] and SWARM [71] replicate
distributed objects, Aceso [47] combines EC, Rep, and check-
pointing for disaggregated key-value stores, and Hydra and
Carbink use EC for general remote memory. These systems
either depend on specific storage/transaction interfaces or
organize protection around coarse memory units. Starfish in-
stead uses runtime object semantics to reuse existing recovery
paths and choose lower-cost protection for general far mem-
ory. Other systems address different fault models, including
client-side metadata corruption, compute server failures, and
storage durability [65, 75, 85].

Avoiding and reducing protection work. Prior FT systems
reduce overhead from different directions. Lineage-based
analytics systems avoid protecting some intermediate data by
rebuilding it from recorded dependencies [42, 57, 102, 118].
Incremental and fine-grained checkpointing systems reduce
checkpoint work by tracking changed state, selecting the state
to materialize, or adapting checkpoint frequency [51, 69, 95].
Erasure-coded storage systems assume new protected data
must be maintained, and reduce the update cost with parity
logging, partial writes, delta updates, and update-aware stripe
organization [22, 59, 87, 88, 120]. Starfish differs by applying
an object-first design to far memory and combining both goals:
runtime object semantics identify remote object states that
can avoid new protection by reusing a retained backup or
recompute recipe, and object behavior reduces the cost of
protecting the remaining states.

Tiered memory systems. Tiered memory systems [4, 33, 53,
54, 63, 67, 80, 82,97, 110, 113, 114, 119] extend application
memory with slower tiers, such as remote NUMA and CXL-
attached memory. They optimize placement and migration,
not fault tolerance. A clean demotion with a valid slow-tier
copy resembles Selective Remote Backup, and Nomad [110]
uses shadow pages to reduce migration writes. Starfish applies
this reuse principle to fault tolerance.

8 Conclusion

This paper presents Starfish, an object-first runtime that first
reuses valid recovery paths and then reduces the cost of new
protection. Across diverse applications, Starfish improves per-
formance, reduces network traffic and memory node resource
usage, and preserves efficient recovery.
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