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Abstract

Multi-turn LLM agents usually reuse long context prefixes,
making key value (KV) caching crucial for reducing prefill
latency. SSDs provide a low-cost extension to limited DRAM
capacity but introduce two key challenges. Eagerly persist-
ing all KV cache blocks incurs substantial write traffic and
rapidly consumes finite SSD endurance. Meanwhile, the small
number of SSDs provisioned in typical GPU servers limits
aggregate reload bandwidth, making SSD-resident KV cache
much slower to retrieve than that in DRAM and inflating
prefill latency.

We present SARIA (Selective Admission and Reload for
Inference Acceleration), a KV caching system that jointly
manages DRAM and SSD by exploiting the session-level
temporal locality of LLM agents to reduce SSD writes and ac-
celerate cache reload. On the write path, SARIA uses eviction
and reuse history to selectively persist KV cache blocks that
exhibit reuse opportunities beyond their DRAM residency,
avoiding unnecessary writes for KV cache already hosted in
DRAM. On the read path, SARIA promotes selected SSD-hit
KV cache blocks from GPU memory into DRAM after prefill,
allowing subsequent reuse within the same session to reduce
SSD read traffic while limiting DRAM contention. A trans-
fer coordinator paces DRAM reads while SSD transfers are
active, allowing both paths to make progress and efficiently
share GPU ingress bandwidth.

We implement SARIA on LMCache MP and evaluate it
using workloads from TraceLab and WEKA, covering both
full-attention and hybrid-attention models. The results show
that SARIA reduces SSD writes by 57.1-58.9% compared
with popular full duplicate caching and the mean time to first
token (TTFT) by 42.3-79.7% over DRAM-only caching.

1 Introduction

Agentic LLM services are turning the key value (KV) cache
from ephemeral, per-request state into reusable serving state
that spans multiple interaction turns. System prompts, tool
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Figure 1: P90 cache hit rate and estimated SSD lifetime for
GLM-5.2 (1 DWPD) as SSD capacity varies (labels denote to-
ken slots, e.g., 1.5M). SARIA (right) can extend SSD lifetime
relative to full duplicate caching (left) at the same capacity by
trading cache hit rate for longer lifetime.

schemas, repository instructions, and conversation history
often constitute long prefixes that recur throughout an agent
session. Retaining the KV cache of these prefixes allows
subsequent requests to avoid repeated prefill computation,
reducing time to first token (TTFT) [9,20,32,39,43]. However,
GPU HBM and host DRAM provide limited capacity at high
cost, making it difficult to retain all reusable KV cache blocks.

SSDs offer a storage tier with larger capacity and lower
cost. Existing systems such as Mooncake [22] and LM-
Cache [3] have already extended KV cache hierarchies from
host DRAM to SSDs. Meanwhile, I/O technologies such
as GPUDirect Storage (GDS) [18] enable direct SSD-to-
GPU data transfer at high efficiency. With sufficient SSD
parallelism and an optimized I/O stack, recent work shows
that SSD-based KV caching can approach DRAM perfor-
mance [23]. These advances highlight the potential of SSD-
based KV caching but two challenges need to be tackled when
deploying SSD caching on typical GPU servers.

Challenge 1: Finite SSD endurance. SSDs can only sus-
tain a finite cumulative write volume before exhausting their
rated endurance budget [16]. Existing systems duplicate all
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newly generated KV blocks from DRAM to SSD, which we
call full duplicate caching. As such, write traffic scales with
the model’s KV footprint and prefill throughput. For exam-
ple, vLLM reports 12,963 prefill tokens/s per GPU for GLM-
5.2 with 8K-token inputs on B300 GPUs [5]. At this rate,
each GPU would generate approximately 1,145 MiB/s of KV
writes, or 103.7 TB/day. A 4-TB SSD rated at one drive write
per day (DWPD) would consume its five-year write budget in
about 70 days of continuous operation.

Increasing SSD capacity provides a larger write budget,
but the capacity needed for endurance can far exceed that
needed for caching. For Figure 1, we replay 350 TraceLab
sessions following the setup described in §5.1. Increasing
the cache size from 3M token slots to 32M token slots (the
capacity required for five-year endurance) only boosts cache
hit rate from 82.0% to 84.8%. As such, using larger SSDs is
not economical in terms of the performance gain.

Challenge 2: Limited SSD parallelism. The number of SSDs
on GPU servers is usually too small to match GPU ingress
bandwidth. For example, AWS’s p5.48xlarge provides 8
H100 GPUs and 8 local NVMe devices [1], whereas at least
4 x4 PCle SSDs are needed to match one x16 GPU link at the
same PCle generation [18]. Adding more drives consumes
bays and PCle resources and increases cost. With limited
device parallelism, SSD bandwidth remains a bottleneck when
reloading the cached prefixes.

Existing SSD-based KV cache systems adopt two reload
paths. The first fetches SSD-resident KV cache directly into
GPU memory via GDS [8, 19]. Since this path bypasses
DRAM, DRAM copies are not created for SSD hits, a be-
havior we refer to as zero promotion. Repeated SSD hits
therefore remain bound by SSD bandwidth. The second path
loads SSD-resident KV cache into DRAM before transferring
it to the GPU [28]. These systems retain all reloaded blocks
in DRAM for subsequent reuse, which we refer to as full pro-
motion. Although these copies reduce subsequent SSD reads,
the promoted KV cache blocks compete with other active
sessions for DRAM.

Our System SARIA. To tackle the two challenges, we present
SARIA (Selective Admission and Reload for Inference Accel-
eration), a DRAM-SSD KV caching system for agent work-
loads. The central idea is to guide SSD persistence and promo-
tion using session reuse history. SARIA’s persistence-aware
SSD admission preserves KV cache blocks whose reuse ex-
tends beyond DRAM residency, while lazy partial DRAM pro-
motion and coordinated multi-source reload combine GDS
reads with DRAM replicas to accelerate subsequent reloads.
Together, they reduce SSD writes and reload latency under
limited SSD capacity and parallelism.

To account for finite SSD endurance, SARIA uses repeated
DRAM evictions as evidence that a block needs SSD per-
sistence. This is because requests within the same session
often reuse KV cache blocks while they remain in DRAM,

but contention from other active sessions or long inter-request
intervals can evict these blocks before they are reused. There-
fore, repeatedly evicted KV cache blocks have high potential
for reuse after DRAM eviction. We also persist exceptionally
popular KV cache blocks (based on their reuse counts) be-
fore they are evicted. SARIA allows users to trade off SSD
write volume against cache coverage by configuring eviction
and reuse-count thresholds (§4.2). SARIA further designs uni-
fied context metadata to support both classical full-attention
models and emerging hybrid-attention models and plans valid
prefix reloads from both DRAM and SSD (§4.3).

To tackle limited SSD parallelism, SARIA combines di-
rect GDS reloads with lazy partial promotion to accelerate
subsequent cache reuse. After a request reloads SSD-hit KV
cache into GPU memory through GDS and completes prefill,
lazy promotion copies some SSD-hit blocks from HBM into
DRAM. We choose a promotion ratio so that DRAM and SSD
can fully utilize the GPU’s ingress bandwidth while avoiding
DRAM capacity competition. Subsequent requests can then
reload different portions of the KV cache from DRAM and
SSD concurrently to reduce SSD traffic (§4.4).

Loading KV cache concurrently from both DRAM and
SSD requires careful coordination for good performance. We
observe that DRAM transfers can consume most of the GPU
ingress bandwidth and leave a long SSD-only completion tail.
As such, SARIA’s coordinator paces DRAM transfers while
GDS is active and only restores full DRAM bandwidth after
SSD transfer finishes. To fully utilize GPU ingress bandwidth,
SARIA also uses the residual GPU ingress bandwidth to serve
DRAM reloads for other requests (§4.5).

We implement SARIA on LMCache MP and evaluate it us-
ing TraceLab and WEKA workloads, covering full-attention
and hybrid models and single- and dual-SSD configurations.
The results show that the selective admission of SARIA re-
duces SSD write volume by 57.1-58.9% compared with the
full duplicate baseline. The mean TTFT is also reduced by
42.3-79.7% over DRAM-only caching. The ablation study
shows that partial promotion, tier overlap, and coordination
together reduce the cache reload time by 26.7-31.9% for
requests in the slowest quartile.

To summarize, we make the following contributions:

e We identify short SSD endurance from eager persistence
and limited reload bandwidth from insufficient SSD paral-
lelism as two key challenges for SSD-based KV caching.

e We design SARIA with Persistence-Aware SSD Admission,
which uses eviction and reuse history to reduce SSD writes
while preserving cache beyond DRAM residency. To miti-
gate limited SSD parallelism, SARIA combines direct GDS
reloads with partial DRAM promotion and coordinated
multi-source transfers to reduce reload latency.

e We evaluate SARIA across full-attention and hybrid mod-
els under varying cache pressure and SSD configurations,
quantifying its write—performance trade-off and the benefits
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Figure 2: KV cache data path comparison among DRAM
staging (w/o GDS), GDS, and SARIA. SARIA selectively per-
sists KV cache to SSD and enables direct reloads from both
DRAM and SSD. Orange and black arrows denote offload
and reload paths, respectively.

of its reload mechanisms through end-to-end experiments
and ablations.

2 Background and Challenges
2.1 Hierarchical KV Caching

KV caching allows later requests to restore cached prefixes
and prefill only unmatched suffixes. CachedAttention [9],
Mooncake [22], and LMCache [3] extend the KV cache from
GPU memory to host DRAM and SSD. DRAM provides fast
reloads, while SSD extends capacity. SSD reloads either stage
through DRAM or use direct I/O such as SPIN [2] and GPUDi-
rect Storage (GDS) [18]. The GDS paths in FlexKV [8] and
Dynamo KVBM [19] reload SSD blocks without retaining
DRAM copies (zero promotion); HiCache’s DRAM-staged
path supports full promotion, retaining all reloaded blocks for
subsequent requests [28]. Tutti shows that SSD caching can
approach DRAM-backed performance with sufficient SSD
parallelism and optimized I/O [23].

Different model architectures impose different require-
ments on KV cache access and reuse. Full-attention (FA)
KV can be reused at any matched prefix boundary. Hybrid
models combining FA with recurrent layers, such as linear
attention (LA), also require a checkpoint at that boundary
because later states cannot generally be rolled back [11,20].
Their access patterns therefore differ: FA blocks can serve
prefix hits ending at different positions, while a recurrent
checkpoint is accessed when computation resumes at its spe-
cific boundary.

2.2 Endurance-Constrained SSD Provisioning

Repeated program/erase cycles wear NAND flash, limiting
SSD write endurance. Manufacturers rate endurance in ter-
abytes written (TBW) or drive writes per day (DWPD), the
daily write volume normalized by capacity [16]. We con-
sider standard-endurance TLC SSDs rated at 1 DWPD over
five years [14]. A C-TB SSD therefore has a 1,825C-TB

Table 1: Per-H200 SSD endurance requirements under contin-
uous full duplicate caching, assuming a five-year, I-DWPD
rating. The 4-TB lifetime is the time to exhaust the rated host-
write budget; minimum capacity sustains the same write rate
for five years.

KV/s 4-TB SSD Min. capacity

Model (MiB/s) lifetime (d) for 5 yr (TB)
Qwen3-30B-A3B [27] 6,515 12.4 590.2
MiniMax-M2.5 [21] 893 90 80.9
Qwen3-235B [30] 383 210 34.7
GLM-5.2 [29] 181 445 16.4

host-write budget, which a sustained B-GB/s write stream
consumes in 1,825C/(86.4B) days.

Full duplicate caching persists every newly computed KV
block, so write traffic scales with the computed token rate and
KV bytes per token. Table 1 uses published per-H200 KV
generation rates to estimate a 4-TB SSD’s lifetime and the
capacity needed to sustain five years of writes. Qwen3-235B
and GLM-5.2 use FP8 KV; Qwen3-30B-A3B uses BF16
KV with 4K-token inputs and batch size 32 [24,25,40]. For
MiniMax-M2.5, we use the reported KV throughput at 32K-
token inputs directly.

At 1 DWPD, sustaining B GB/s per GPU for five years
requires at least Cppin, = 86.4B TB of aggregate SSD capacity
per GPU. Full duplicate caching can therefore require sub-
stantially more SSD capacity for write endurance than for
effective caching.

2.3 Limited SSD Reload Bandwidth

Approaching the GPU’s PCle ingress bandwidth with SSD-
backed KV reload requires multiple drives operating in par-
allel. A typical NVMe SSD uses an x4 PCle link, while a
PCle-attached GPU typically uses x16. At the same PCle
generation, at least four typical x4 NVMe SSDs must operate
in parallel to match one x16 GPU link [18].

Dense GPU servers commonly provide fewer drives than
needed to match aggregate GPU ingress bandwidth. A com-
mon configuration in mainstream GPU servers pairs eight
GPUs with eight local NVMe SSDs [4]. For example, AWS’s
p5.48xlarge has eight HI00 GPUs and eight local NVMe
devices [1]; GIGABYTE’s eight-H200 configuration sup-
ports at most eight hot-swap PCIe 5.0 NVMe bays [10], while
Lenovo’s eight-B200 configuration supports at most sixteen
NVMe bays [15]. Adding drives consumes bays and PCle
resources and increases cost, while shared links can limit ag-
gregate bandwidth [18]. Long-prefix reloads can therefore
remain bandwidth-bound.
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Figure 3: GLM-5.2 reuse under full duplicate caching: (a)
DRAM read ratios among cache-hit requests. (b) subsequent
SSD reads per write.

3 Observations and Motivations

To characterize session-level KV reuse under cache pressure,
we analyze the same 350 reconstructed TraceLab sessions
used in our evaluation [31,43], averaging 18.4 requests per
session and 83.7K prompt tokens per request. Section 5.1
describes workload construction; Table 2 summarizes the
24-hour replay.

To avoid distorting multi-turn arrival patterns by scaling
inter-turn times [35], we preserve each session’s request se-
quence and inter-request intervals, varying only session start
times. We place starts within 12-, 4-, and 2-hour windows,
denoted lower, medium, and higher load, respectively. Shorter
windows make more active session contexts compete for the
same DRAM capacity, raising cache pressure without chang-
ing within-session reuse timing.

3.1 KYV Reuse under Cache Pressure

We observe that requests within an agent session often reuse
overlapping context over short intervals. Such temporal local-
ity allows DRAM to serve much of the reuse as long as the
corresponding KV cache remains resident. We therefore ex-
amine how cache pressure affects the role of SSD persistence,
focusing on how much reusable KV cache can already be
served from DRAM and how often an SSD copy is actually
read after being written.

To quantify these effects, we simulate full duplicate caching
under the three load settings. We model a 100 GB DRAM
cache for GLM-5.2 using approximately 2.2 million token
slots, based on its FP8 KV footprint. SSD capacity is sufficient
to avoid eviction, and SSD reads do not repopulate DRAM.

Figure 3(a) shows the fraction of cache-hit traffic served by
DRAM. In the lower-load 12-hour setting, 79.3% of cache-hit
requests obtain all their cached blocks from DRAM, which
supplies 76.9% of total cache-read bytes. As load increases,
more active sessions compete for the fixed DRAM capacity,
causing reusable blocks to be evicted earlier. In the higher-
load 2-hour setting, these fractions fall to 52.4% and 44.2%,
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Figure 4: GLM-5.2 request transfer time under zero, half,
and full promotion (lower is better). P10 and P5 average the
slowest 10% and 5% of requests, respectively. Half promotion
improves tail transfer time over full promotion, with a larger
advantage at higher load.

respectively, substantially increasing reliance on SSD.
Figure 3(b) measures the value of individual SSD writes
by counting how many subsequent SSD reads each persisted
block receives through the end of the replay. Under lower load,
82.5% of SSD writes receive no subsequent SSD read. This
fraction decreases to 65.0% in the 4-hour setting and 44.3%
in the higher-load 2-hour setting. Thus, under lower cache
pressure, DRAM already serves much of the observed reuse,
leaving many eagerly persisted SSD copies unused. As cache
pressure increases, however, reusable blocks are more likely
to outlive their DRAM residency, making SSD persistence
increasingly valuable.
Observation 1. Session-level temporal locality allows DRAM
to serve most KV reuse under lower cache pressure, leav-
ing many SSD writes unused; as cache pressure increases,
more reuse extends beyond DRAM residency and becomes
dependent on SSD persistence.

3.2 DRAM Competition under Full Promotion

The session-level temporal locality observed above also cre-
ates an opportunity on the reload path. After an SSD-resident
block is reloaded through GDS, retaining a copy in DRAM
can accelerate subsequent reuse by reducing reliance on lim-
ited SSD bandwidth. However, promoted replicas consume
additional DRAM capacity and compete with the KV cache
of active sessions. We therefore examine whether promoting
more SSD-hit KV cache always reduces transfer time as cache
pressure increases.

We compare zero, half, and full promotion under the three
load settings, holding the workload and all other cache set-
tings fixed within each setting. Transfer times are measured
under ideal overlap between DRAM and SSD transfers, with
GDS bandwidth set to half the GPU-ingress bandwidth. Half
promotion uses a fixed target of 50% DRAM coverage of
the currently reused prefix: it creates only enough replicas to
reach that target, counting blocks already in DRAM. Figure 4
reports mean request transfer time and the mean times for



the slowest 10% and 5% of requests, denoted P10 and PS5,
respectively.

Both half and full promotion reduce mean transfer time
relative to zero promotion, but full promotion does not con-
sistently improve on half promotion. Under lower load, both
achieve a mean of approximately 78 ms, with similar P5 times
of 226 ms for half promotion and 229 ms for full promotion.
The tail gap widens as load increases: under medium load,
half promotion reduces P5 from 256 to 244 ms; under higher
load, it reduces P10 from 252 to 231 ms and P5 from 310
to 277 ms, while also lowering the mean from 81 to 78 ms.
Thus, full promotion retains much of the average benefit but
delivers smaller tail improvements at higher load than half
promotion.

The additional replicas also increase DRAM replacement.

In the 2-hour replay, cumulative DRAM block evictions rise
from 59,589 with zero promotion to 97,097 with half pro-
motion and 175,314 with full promotion. More aggressive
promotion therefore creates more replicas but also evicts
more resident KV cache blocks, potentially removing reusable
blocks before their next access. Together with the transfer-
time results, these counts indicate that limiting promotion
can alleviate DRAM competition and improve tail transfer
performance under cache pressure.
Observation 2. Session-level temporal locality makes DRAM
promotion beneficial, but aggressive promotion intensifies
DRAM competition under cache pressure. Reducing the pro-
motion ratio can alleviate this competition and improve tail
transfer latency.

4 SARIA

4.1 System Overview

SARIA manages a hierarchical DRAM-SSD KV cache for
serving agent workloads under limited SSD endurance and
reload bandwidth. It selectively persists KV cache using reuse
and eviction history accumulated in DRAM, and maintains
context metadata to apply admission consistently across hy-
brid KV types and recover prefixes distributed across storage
tiers. When a request reloads SSD-backed KV cache, lazy
partial promotion creates selected DRAM replicas for subse-
quent reuse, with the promotion volume jointly determined
by the reuse recency of DRAM eviction candidates and the
DRAM-to-SSD bandwidth ratio. A coordinator schedules the
resulting DRAM and GDS transfers to efficiently share GPU
ingress bandwidth.

Figure 5 illustrates how SARIA manages KV cache through-
out a request’s lifecycle. Newly generated KV cache blocks
are first placed in DRAM. Persistence-Aware SSD Admission
then uses accumulated reuse and eviction history to determine
which blocks should be persisted to SSD for reuse beyond
their DRAM residency (§4.2). Unified context metadata pre-
serves this history across DRAM residencies and tracks the
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Figure 5: Overview of SARIA architecture and data paths.

current location of each KV block. During lookup, the cache
manager uses this metadata to construct an ordered reload
plan for the reusable prefix, which may span both DRAM
and SSD (§4.3). After prefill completes, Lazy Partial DRAM
Promotion copies selected SSD-hit blocks from HBM into
DRAM to accelerate subsequent reuse (§4.4). Finally, the
transfer coordinator uses each request’s reload plan to pace
DRAM reads alongside GDS transfers, allowing the two paths
to efficiently share GPU ingress bandwidth (§4.5).

4.2 Persistence-Aware SSD Admission

Every SSD write consumes a finite endurance budget, even
if the persisted KV cache is never read from SSD (§2.2).
Observation 1 (§3.1) shows that DRAM supplies most cached
reuse under normal load and many eagerly persisted copies
provide no read benefit: in the reference replay, 82.5% of SSD
writes under full duplicate caching receive no subsequent
SSD read. This motivates an admission filter that defers SSD
persistence while DRAM serves reuse and seeks evidence that
retaining the KV cache beyond its DRAM residency would
be beneficial.

A natural admission signal is request popularity. HiCache,
for example, uses access counts to filter HBM-to-DRAM
backups [28], but does not make a separate admission decision
for SSD endurance. For predominantly session-private agent
context, however, these counts largely describe reuse within a
session and do not reflect the DRAM competition from other
sessions. Increased competition from other active sessions
can shorten a block’s DRAM residency even when its own
access pattern remains unchanged. Moreover, a cumulative
access count does not distinguish reuse concentrated within
a short burst from reuse spread over longer intervals. Blocks
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with similar popularity can therefore have very different needs
for SSD persistence.

Figure 6 illustrates this mismatch by grouping reused
blocks from the 12-hour and 2-hour settings of Observation 1
according to their request-reuse counts. Each bar separates
blocks with zero, one to three, or at least four SSD reads.
Among blocks reused 16-31 times, the fraction receiving at
least one SSD read increases from 29.0% under lower load to
60.2% under higher load. Even among blocks reused at least
64 times, 44.5% receive no SSD read in the 12-hour setting.
Request popularity alone therefore does not capture the need
for SSD persistence under cache competition.

SARIA uses repeated DRAM evictions as a practical signal
of persistence demand. A KV block’s first eviction indicates
that DRAM can no longer retain it under the current work-
load. If the block is subsequently reused and later reaches an-
other eviction boundary, its history includes reuse that DRAM
could not cover. This cross-residency history incorporates the
competition experienced by that block without explicitly esti-
mating its reuse interval or DRAM retention time. Repeated
eviction does not guarantee another return, but provides direct
evidence that SSD persistence could have protected useful
KV cache across an earlier eviction. We additionally retain a
request-reuse threshold so that exceptionally popular blocks
can qualify for persistence before experiencing repeated evic-
tions.

For each logical context block b, SARIA tracks its DRAM-
eviction count Ej, and request-reuse count R; across DRAM
residencies. The eviction counter advances when the block
is selected at a DRAM eviction boundary. A block becomes
eligible for SSD persistence when

admlt(b) e [Eb > GE] V [Rb > GR] . (D)

The two thresholds expose a trade-off between SSD write
traffic and persistence coverage. Larger thresholds filter more
writes but delay protection, potentially requiring recompu-
tation on early returns; smaller thresholds admit KV cache
blocks sooner at greater write cost. Once persisted, a block
can serve subsequent reuse after DRAM eviction for as long
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as it remains on SSD.

Admission determines whether to persist a block; write
scheduling determines when persistence begins. When an eli-
gible, non-persisted block reaches the DRAM eviction path,
SARIA writes it to SSD before reclaiming its DRAM storage.
The DRAM copy remains available as the write source un-
til the transfer completes. Persistence can also begin earlier.
The reuse path can initiate an asynchronous write when R},
reaches Og. Prewrite evaluates candidates using Ej, + 1, allow-
ing blocks that would qualify at their next eviction to start
writing while still resident in DRAM. When sufficient lead
time and write bandwidth are available, these asynchronous
writes move SSD traffic off the DRAM reclamation critical
path.

4.3 Unified Metadata and Reload Planning

Applying admission independently to physical blocks can
leave a hybrid model without the KV cache needed to recover
a context prefix. Full-attention (FA) KV through a position ¢
remains useful when later requests extend beyond ¢, whereas
a linear-attention (LA) recurrent state at ¢ is reused as a check-
point at that particular boundary [11,20]. These components
can therefore accumulate different access and eviction histo-
ries despite representing the same context position. Indepen-
dent admission may therefore persist FA blocks without the
LA checkpoint needed to reuse that prefix. Selective persis-
tence and independent replacement also distribute reusable
blocks across DRAM and SSD, producing interleaved sources
such as DRAM-SSD-DRAM. Recovery must therefore es-
tablish a valid prefix boundary and assign a source to every
cache object required at that boundary.

SARIA organizes context metadata in a radix tree, follow-
ing the prefix organization used in HiCache and Unified Radix
Cache [11,28]. Each node represents a block-aligned context
prefix and associates its physical cache objects with shared
reuse and eviction counts and per-object storage locations.
Admission is evaluated at this context granularity and applied
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to the associated objects. This allows a checkpoint to share
the admission evidence accumulated by its context instead of
requiring every component to independently reach the thresh-
old. Metadata is retained across evictions so that returning
blocks preserve their history across residencies. We manage
metadata with a sliding time window, reclaiming a block’s
metadata only after an entire window passes without reuse or
recomputation.

At lookup, the cache manager combines the KV cache
available in DRAM and SSD into a unified reload plan (Fig-
ure 7(b)). The plan identifies the reusable prefix and selects
each required object from an available DRAM or SSD source,
preserving block order even when hits alternate between tiers.

4.4 Lazy Partial DRAM Promotion

Limited SSD parallelism constrains GDS reload bandwidth
(§2.3). Observation 2 (§3.2) shows that promotion reduces
mean transfer time but increases competition for DRAM ca-
pacity. Limiting the promotion ratio can ease this competi-
tion and reduce tail transfer latency. SARIA therefore creates
DRAM replicas on demand while limiting their volume. Af-
ter a request reloads KV cache from SSD through GDS and
completes prefill, SARIA copies selected SSD-hit blocks from
HBM into DRAM (Figure 8). If these replicas remain resident,
subsequent requests can reuse them from DRAM instead of
repeatedly relying on the bandwidth-limited SSD path.
SARIA limits the DRAM competition introduced by promo-
tion along two dimensions. First, it avoids displacing recently
reused KV cache blocks in DRAM merely to accommodate
promoted replicas. A candidate block b may be evicted for
promotion only if thow — ;7" > Pr, where £;7%%° is its last
reuse time and P is a recency threshold. Recently reused can-
didates indicate strong competition for DRAM capacity and
are protected from promotion-induced eviction. SARIA there-
fore promotes only as many blocks as can be accommodated
by candidates satisfying this threshold. When few candidates
qualify, the promotion volume is reduced, potentially to zero.
Second, SARTA bounds the target promotion volume ac-
cording to the relative bandwidth of the DRAM and SSD

reload paths. Since DRAM and GDS can serve different por-
tions of a prefix concurrently, DRAM only needs to supply
the bandwidth not provided by SSD to saturate the shared
GPU ingress bandwidth.

Let V denote the total bytes of a subsequent reload, Bgjsk the
sustained GDS-to-GPU bandwidth, and Bgpy the shared GPU-
ingress bandwidth, where Bgisx < Bgpy. Assuming DRAM
can sustain the residual bandwidth Bgpy — Bgisk While GDS is
active, the target fraction of reload bytes served from DRAM
is
_ gdlsk (2)

GPU
Serving r* -V bytes from DRAM and (1 —r*) -V bytes from
SSD allows the two paths to finish together while fully utiliz-
ing GPU ingress, yielding a reload time of V /Bgpy. Promot-
ing beyond this fraction consumes additional DRAM capacity
without further reducing reload time.

This bandwidth balance guides the target DRAM share
r € [0,1], which also gives the block fraction for equal-sized
blocks. If a request currently reloads Dy blocks from DRAM
and Sy blocks from SSD, the number of additional SSD-
backed blocks targeted for promotion is

rr=1

Ptarget = max (O; r(DO + SO) - DO) 3)

Blocks already resident in DRAM count toward the tar-
get, so no promotion is needed when the existing DRAM
share already reaches r. The actual promotion volume is fur-
ther bounded by the eviction-candidate filter above, allowing
SARIA to balance reload bandwidth against current DRAM
contention.

4.5 Coordinated Multi-Source Reload

The source balance in §4.4 assumes that DRAM and GDS
make progress concurrently. However, we find that simply
enabling overlap does not ensure concurrent progress. Fig-
ure |16 shows that SSD traffic remains low during the initial
DRAM burst and reaches its sustained rate only after DRAM
traffic subsides. A disk-only completion tail therefore persists
despite concurrent submission, leaving GPU ingress underuti-
lized.

SARIA therefore coordinates the two sources by pacing
DRAM traffic while GDS work is active. The coordinator
consumes each request’s reload plan from §4.3, tracks its
remaining DRAM and SSD work, and shares a per-GPU
ingress budget across concurrent traffic. Let Bpram denote
the standalone DRAM reload bandwidth. While SSD work is
runnable, SARIA limits the aggregate DRAM rate to approxi-
mately

BDray = min (Bpram, Bopu — Buisk) » 4)
reserving sufficient ingress bandwidth for GDS to sustain
Bisk. The coordinator enforces this rate by bounding individ-
ual DRAM submissions and spacing them according to the
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Figure 9: Illustration of multi-source reload with and without
transfer coordination.

available budget. When no SSD work is runnable, DRAM
returns to its unthrottled path.

Figure 9 illustrates the coordinated schedule. Once Request
A finishes its DRAM portion, residual ingress advances the
DRAM-only Request B while A continues reading from SSD.
When A’s SSD transfer finishes, B uses the full DRAM rate.
Request C overlaps its DRAM and SSD transfers; after its
SSD portion completes, its remaining DRAM work also runs
at full rate.

The coordinator is configured using estimated DRAM,
GDS, and GPU-ingress bandwidths. Inaccurate settings can
cause bandwidth underutilization or transfer contention, de-
grading reload performance. When GDS alone saturates GPU
ingress bandwidth, coordination offers no benefit and its over-
head may reduce performance.

5 Evaluation

5.1 Experimental Setup

Models and testbeds. Our primary testbed has one RTX
PRO 6000 Blackwell Server Edition GPU with 96 GB of
GDDR7 memory, two AMD EPYC 9534 CPUs, 256 GB of
host memory, and two 1.92-TB PClIe 5.0 NVMe SSDs. We
evaluate released BF16 checkpoints of Qwen3-8B with 36
full-attention layers and Qwen3.5-9B with 8 full-attention
and 24 gated-delta-network (GDN) layers.

Admission and metadata experiments use a secondary
testbed with a 24-GB A30 GPU and one PCle 5.0 NVMe
SSD. To accommodate its HBM while preserving the at-
tention structures, we construct Qwen3-1.7B with 20 full-
attention layers and Qwen3.5-5.6B with 5 full-attention and
15 GDN layers. These names denote our scaled-down con-
figurations rather than released checkpoints; both execute
real forward passes with randomly initialized BF16 weights,
following [22,38,41].

Table 2: Selected workloads after filtering and truncation.
Minimum prefill tokens denote the total number of prompt to-
kens that still require computation with an unlimited-capacity
cache.

Total prompt Minimum prefill

Dataset Sessions Requests tokens (10%) tokens (10°)
TraceLab 350 6,431 538.26 36.55
WEKA 170 5,995 930.25 26.43

Workloads. We evaluate prefill serving using coding-agent
workloads from TraceLab traces of Claude Code and
Codex [31], and SemiAnalysis WekaTrace (WEKA) traces of
Claude Code [26]. Neither dataset includes prompt contents,
so we reconstruct deterministic synthetic inputs preserving
recorded reuse. TraceLab records request token counts and
timestamps; its prefixes are reconstructed from within-session
request lengths. WEKA inputs use recorded 64-token block
identities scoped by source trace and model.

We select TraceLab sessions by start time and WEKA
streams by dataset order. Each WEKA stream forms an inde-
pendent agent session, including requests after prefix resets.
Both workloads use a 450K-token context limit and 24-hour
truncation (Table 2), with mean within-session request inter-
vals of 112.1 and 111.1 s, respectively.

We apply the replay method from §3 to both datasets,
using a default 12-hour session-start window with Gamma-
distributed gaps (k = 1) following [35].

Replay permits at most one active request per session. Suc-
cessors follow recorded idle intervals. We allow four requests
in flight by default; the cumulative ablation and promotion
sweep use one. Requests stop after the first output token to iso-
late prefill serving. The logical replay clock advances at 6,500
computed prefill tokens/s; reported latencies use wall-clock
time.

Baselines and cache configuration. We implement SARIA
on LMCache MP and integrate Phoenix as its GDS back-
end. Our implementation includes three optimizations to the
LMCache MP data path. First, GDS control operations are
asynchronously pipelined to reduce control-path overhead.
Second, when DRAM allocation fails during HBM offload,
the cache evicts existing entries and retries the allocation, al-
lowing offload to continue under memory pressure. Third, fol-
lowing Tutti [23], we separate SSD read and write execution
to reduce I/O interference and improve aggregate throughput.

Two LMCache-based baselines use optimized Phoenix
GDS backends [3]: GDS-only stores KV exclusively on SSD;
LMCache+ uses full duplicate DRAM-SSD caching with
per-object metadata, serial tier loading, and no promotion.
We also run SARIA as DRAM-only (SSD disabled) and Full
Duplicate (selective admission disabled, metadata and reload
mechanisms retained).
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Figure 10: End-to-end latency, cache coverage, and SSD traffic on TraceLab and WEKA. TTFT bars show means and black lines
show P90. SSD I/O is normalized by SSD cache capacity. The pale band in the third column spans the 12-24-hour write-budget
limits (0.5-1.0x capacity) at | DWPD; writes below 0.5x meet both limits.

Unless otherwise specified, DRAM-containing configura-
tions receive budgets of 1M tokens for DRAM and 10M to-
kens for SSD. Hybrid budgets use full-attention token equiva-
lents; GDN checkpoints still consume physical capacity and
contribute to I/O. Dual-SSD configurations stripe each object
across both drives.

We use eager execution with HBM prefix caching disabled.
External cache blocks contain 512 tokens for dense models
and 1,024 for hybrid models; GDN checkpoints are retained
every 16,384 tokens. By default, SARIA uses promotion ratio
r = 0.4 and shared-ingress/GDS/DRAM bandwidth estimates
of 48/20/48 GB/s (24/10/24 GB/s on A30). The promotion
recency threshold is fixed at Py = 60 s on the replay clock.
Experiment-specific overrides accompany the results.

Metrics. TTFT measures wall-clock time from submission
to vLLM through the first output token; cache-transfer time
spans the first external-cache lookup through vLLM-observed
load completion, excluding prefill computation. We report
mean and 90th-percentile (P90) TTFT in the main comparison.
Latency P25 bad averages are means of the largest 25% of
finite latency samples.

Cache hit achievement rate (CHAR) is the ratio of actual
cache-hit block occurrences to those achievable with unlim-
ited capacity; 100% means all available reuse is captured.
CHAR P25 bad avg recomputes this ratio over the combined
block counts of the quarter of eligible requests with the low-
est per-request CHAR. Normalized SSD reads and writes
divide cumulative completed payload bytes by configured
SSD cache capacity, including GDN state and transfers across
both drives.

5.2 Main Results

End-to-End Performance. Figure 10 evaluates how SARIA
balances latency against SSD write budgets and read band-
width. Using a standard-endurance TLC SSD rated at 1
DWPD [14], we allocate endurance in proportion to the con-
figured cache capacity C. The 12-hour session-start window
and 24-hour trace truncation give write budgets of 0.5C and
C, respectively, marked by the shaded band.

On WEKA with Qwen3.5-9B, an eviction threshold 8 = 3
(E3) stays within the one-day write budget, reducing writes by
78.2% relative to Full Duplicate (FD) at a 78.4% increase in
mean TTFT. It still reduces mean TTFT by about 94.9% rela-
tive to DRAM-only. E2 further improves latency but exceeds
the one-day write limit.

TraceLab exhibits the same trade-off but requires different
thresholds. For Qwen3.5-9B, E3 reduces writes by 78.7%
relative to FD but exceeds the one-day budget by 13.3%. Its
mean and P90 TTFT are 73.7% and 72.2% lower than DRAM-
only. Raising the threshold to E5 meets even the 12-hour write
limit while retaining mean and P90 TTFT reductions of 66.5%
and 63.7%. For Qwen3-8B, E3 meets the one-day budget with
80.3% fewer writes than FD, while reducing mean and P90
TTFT by 27.8% and 45.3% relative to DRAM-only. The
threshold needed to meet a write budget thus depends on both
workload and model.

DRAM-assisted reload also reduces SSD read traffic: FD
issues 27.2% fewer read bytes than LMCache+ for both mod-
els on TraceLab and 18.1% fewer for Qwen3.5-9B on WEKA.
Together, admission and reload management balance latency,



- SARIA (Be=2) ©- SARIA (6g=4) —@— Full Duplicate

TTFT Avg (s) CHAR P25 Bad Avg
100% - *——o—o
e 3 Y ® )
- 75% - - -mTTE L
1| ° | — o
% 2 e - 50% - S
—— e
g 1- ’\.\.—‘: 25% - 5
0- . ! I I 0% & ! I I
10 20 30 40 10 20 30 40
PS 100% -
m 3- B ————t
© L 23 75% oo - ---n9
L Y
o il S 50% -
3 ‘\'\o—? &
o 1- 259 -
0- . g g " 0%- g g "
10 20 30 40 10 20 30 40

Total disk write / capacity Disk read / cache size
220% .\0—\_.—. roTTes 1\
8x- @
180% - 3
N
@

140% - o 6x- N

(sl = X
100%-  T~~o S

| ] S ‘ —_—

10 20 30 40 10 20 30 40

— 8X - g

100% - PN

<.>. ¢ % ¢ 6x - PN

% - -
80% -~ N
S~o N
Te 4x- S
60% : ! = | ‘ | i
10 20 30 40 10 20 30 40

Session-start interval (min) (Higher load — Lower load)

Figure 11: Cache behavior under varying serving pressure. A

fixed set of 100 sessions is replayed with session-start windows

ranging from 10 to 40 minutes, while admission thresholds remain unchanged across all settings.

write-budget consumption, and SSD read demand.

Performance under Varying Pressure. We examine whether
a fixed eviction threshold can adapt SSD persistence to chang-
ing serving load. We replay the earliest 100 sessions with
their starts distributed over 10-, 20-, 30-, or 40-minute win-
dows. All settings retain the same 1,960 requests without
truncation and use 0.5M-token DRAM, SM-token SSD capac-
ity. Smaller windows increase concurrent demand. Figure 11
compares eviction-based admission (0g = 2), reuse-gated ad-
mission (Bg = 4), and full duplicate caching, with admission
thresholds fixed across all load levels.

Eviction-based admission reduces persistence as serving
pressure falls. Expanding the session-start window from 10 to
40 minutes reduces SSD writes by 28.3% for Qwen3.5-9B and
23.5% for Qwen3-8B, while improving P25 bad CHAR. Mean
TTFT also varies over a narrower range than with reuse-gated
admission for both models. With a fixed threshold, eviction
history thus adapts persistence to load: higher pressure makes
more blocks qualify for SSD retention, while lighter load
allows DRAM to cover more reuse and conserves SSD writes.

Ablation Study for SARIA Design. We isolate the reload
mechanisms using the 350-session workload with full du-
plicate caching and one in-flight request. Starting from per-
object metadata and serial tier loading (Base), we cumula-
tively add unified metadata and mixed-source lookup (+Meta;
§4.3), partial DRAM promotion (§4.4), tier overlap, and co-
ordination (§4.5). Figure 12 normalizes mean TTFT to Base
and P25 bad transfer time to +Meta. Since Meta increases
cache hits and the transferred volume, Base transfer time is
shown only for reference.

The complete configuration reduces mean TTFT by 6.4%
for Qwen3.5-9B and 5.8% for Qwen3-8B relative to Base, and
P25 bad transfer time by 31.9% and 26.7% relative to +Meta.
Adding the coordinator to the overlap-enabled configuration

[ Base @ +Meta &S +Promotion EE +Overlap B +Coordinator

TTFT Avg Transfer P25 Bad Avg
o oo e\o

 1.0- G2 '&3' e B
O 0.9- | oo olo
=R - X4
1] ol loe
N 0.8- | o
g [ L
% 0.7- [ X pRe
2 . l

0.6- [ 5

Qwen3.5-9B Qwen3 -8B Owen3 5-9B Qwen3-8B

Figure 12: Cumulative ablation of SARIA’s reload mecha-
nisms under full duplicate caching. Mean TTFT is normalized
to Base, while mean transfer time over the slowest 25% of
requests is normalized to +Meta.

further reduces this tail metric by 17.8% and 11.0%, respec-
tively. Source placement and transfer scheduling contribute
together, with the largest relative gains in cache-transfer la-
tency.

5.3 Micro Experiments

Disk Admission Trade-offs. Figure 13 evaluates the two
admission signals on A30 using TraceL.ab and WEKA. We
vary the eviction threshold, the reuse-only threshold, and their
combination while retaining the same cache capacities and
reload mechanisms. The displayed eviction thresholds are E €
{2,3,4,6}; reuse-only thresholds are R € {4,8,16,32,48};
combined settings fix E =2 and use R € {2,8,24}, with an
additional R = 48 setting evaluated only on WEKA. Full
duplicate caching provides a reference with no admission
filtering.

Eviction-based admission reaches comparable reuse cover-
age with substantially fewer writes. On TraceLab, reuse-only
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Figure 13: Comparison among eviction-based, reuse-based,
and combined admission policies on TraceLab and WEKA
using the A30 testbed.

R = 4 requires about 1.9 times as many writes as E2 for simi-
lar P25 bad CHAR on both models. Adding the reuse branch
with R = 2 to E2 further improves coverage for popular con-
texts at greater write cost. Together, the signals expose a range
of write—coverage trade-offs, with lower P25 bad TTFT as
more reusable KV cache is retained.

Unified Metadata and Reload Planning. We evaluate uni-
fied context metadata and mixed-source reload planning by
enabling or disabling them together under E2 admission on
A30. The comparison holds promotion, overlap, coordination,
and cache capacities fixed.

Figure 14 shows that enabling these mechanisms reduces
mean TTFT by 25.4% for Qwen3.5-5.6B and 23.5% for
Qwen3-1.7B, while improving P25 bad CHAR for both mod-
els.

The loss of reuse without these mechanisms stems in part
from LMCache’s tier-prefix lookup, which cannot extend a
prefix with DRAM-only blocks after switching to SSD. Se-
lective admission can produce DRAM-SSD-DRAM prefixes,
so omitting the final segment forces recomputation of exist-
ing KV cache blocks. Unified reload planning recovers these
interleaved hits and reduces redundant prefill (§4.3).

Lazy Partial DRAM Promotion. To isolate the benefit of pro-
motion, we fix full duplicate caching and coordinated reload
and vary the target DRAM share r, using the 350-session
workload with one in-flight request. Figure 15 normalizes
mean TTFT, mean cache-transfer time, and SSD read volume
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mixed-source lookup under E2 admission. All values are nor-
malized to the configuration with both mechanisms disabled.
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caching with coordinated reload. Metrics are normalized to
the zero-promotion configuration (r = 0).

independently to their » = 0 values. Both r = 1 points use
later implementation snapshots and are included as references;
comparisons below use r < 0.8 from a common snapshot.

Promotion reduces SSD traffic and accelerates subsequent
reloads. For Qwen3.5-9B, r = 0.6 reduces SSD reads by
43.8%, mean transfer time by 17.9%, and mean TTFT by
3.5%. For Qwen3-8B, r = 0.8 yields reductions of 61.7%,
31.6%, and 9.0%, respectively. On Qwen3.5-9B, increasing
r from 0.6 to 0.8 further reduces SSD reads but does not im-
prove latency. This agrees with the bandwidth balance in §4.4:
DRAM can complement SSD bandwidth without holding the
entire reload set, so additional read savings need not shorten
reloads.

Coordinated Multi-Source Reload. We isolate transfer con-
tention on A30 with a single synthetic request using the
Qwen3-8B KV layout and no model computation. The re-
quest reloads 135,168 cached tokens, split equally between
DRAM and SSD (9.28125 GiB per tier). Figure 16 compares
serial loading, uncoordinated overlap, and coordinated over-
lap reload for a slower SSD, a faster SSD, and two striped
SSDs. The coordinator uses a 24 GB/s shared-ingress bud-
get and respective GDS allowances of 8, 12, and 23.9 GB/s.
SSD traffic is reconstructed from DMA events; DRAM traffic
is estimated from PCle receive traffic after subtracting SSD
traffic and normalized to the known DRAM payload. Each
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Figure 16: Comparison of coordinated and uncoordinated
reload traffic on the A30 testbed with equal DRAM and SSD
payloads under different hardware.

plot contains one measured reload in 20-ms bins, timed from
payload submission.

For both single-SSD configurations, uncoordinated overlap
leaves SSD progress low during the initial DRAM burst and
provides no improvement over serial loading. Coordination
allows both sources to progress, reducing completion time by
18.0% on the slower SSD and 20.7% on the faster SSD rela-
tive to serial loading. With two SSDs, however, coordination
increases completion time by 15.8% relative to serial loading.
The disk allowance leaves little bandwidth for DRAM, while
coordinator overhead prevents SSD traffic from reaching that
allowance. Coordination therefore helps under limited SSD
bandwidth, but its allowances must match effective path band-
widths (§4.5).

6 Related Work

KV cache management. SGLang [42] organizes reusable
prefixes with radix trees, while HiCache [28] further uses
access counts to filter HBM-to-DRAM backups. Unified
Radix Cache [11] extends prefix management to hybrid-
attention models, and Marconi [20] introduces checkpoint-
aware caching for recurrent states. SAECache [7] uses evic-
tion feedback to estimate token reuse value. These techniques
improve cache organization and admission within memory hi-
erarchies, but do not explicitly address SSD endurance. SARIA
instead uses reuse and eviction history across DRAM residen-
cies to determine which KV cache blocks warrant persistence
on SSD.

SSD-backed KV caching. Mooncake [17,22], LMCache [3],

12

and CachedAttention [9] extend KV caching beyond GPU
memory using host DRAM and SSDs. HiCache reloads SSD-
resident KV cache through DRAM and supports full pro-
motion, whereas FlexKV [8] and Dynamo KVBM [19] use
GDS to reload SSD hits directly into GPU memory without
DRAM promotion. Tutti [23] exploits SSD parallelism and
an optimized I/O stack to approach DRAM-backed cache
performance. Unified KV Pooling [13] partitions KV cache
according to device bandwidth, while HiFC [12] combines
GDS with pseudo-SLC regions. Strata [36] and Swarm [33]
improve storage I/O scheduling and multi-SSD placement.
In contrast, SARIA targets deployments with limited SSD en-
durance and parallelism, using partial DRAM promotion and
coordinated mixed-source reloads to reduce dependence on
the bandwidth-limited SSD path without excessive DRAM
competition.

SSD Admission and Write Endurance. Flashield [6] re-
duces flash writes by admitting general-purpose key—value
objects based on their observed reads and updates, while
CacheSack [37] and Baleen [34] similarly optimize flash-
cache admission. These policies target general storage work-
loads rather than the session-level reuse structure of agent
serving. SARIA exploits this structure by distinguishing reuse
already covered within a DRAM residency from reuse that ex-
tends across DRAM residencies. Repeated eviction and reuse
therefore provide an admission signal that reflects both ses-
sion reuse and cache competition, complemented by a reuse
threshold for highly popular prefixes.

7 Conclusions

SSD-backed KV caching faces two practical challenges: ex-
cessive writes rapidly consume SSD endurance, while limited
SSD parallelism constrains reload bandwidth. We present
SARIA, a hierarchical KV caching system that addresses these
challenges through Persistence-Aware SSD Admission, which
uses reuse and eviction history to avoid unnecessary SSD
writes; Lazy Partial DRAM Promotion, which retains selected
SSD-hit KV cache blocks in DRAM for subsequent reuse
while limiting DRAM competition; and coordinated multi-
source reload, which schedules DRAM and GDS transfers to
efficiently share GPU ingress bandwidth. Across TraceLab-
derived workloads and both full-attention and hybrid-attention
models, SARIA reduces SSD writes by 57.1-58.9% compared
with full duplicate caching while reducing mean TTFT by
42.3-79.7% compared with DRAM-only caching.
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