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Abstract

Key-Value (KV)-caches are essential to modern Large Lan-
guage Model (LLM) inference, transforming inference from
a computationally prohibitive task into a practical one. How-
ever, the limited capacity of GPU High Bandwidth Memory
(HBM) is often insufficient to retain KV-cache data for all
active requests, especially when large models and long con-
texts are served. To address this limitation, modern infer-
ence systems support offloading KV-cache data from HBM
to CPU DRAM, local, or remote storage. A known issue is
the trade-off between restoring offloaded KV-cache data ver-
sus recomputing; the right policy is non-trivial and depends
on dynamic factors such as storage bandwidth, intercon-
nect performance, workload characteristics, context length,
and service-level objectives (SLOs). In this paper, we first
investigate the challenges of the restoration-recomputation
trade-off and quantify its impact on inference performance
when left unaddressed. We then present an I/O-aware KV-
cache management policy that dynamically navigates this
trade-off. Our approach maximizes inference throughput
while satisfying service-level objectives by either restoring
or recomputing KV-cache blocks based on the performance
characteristics of the GPU and storage tiers. Initial theoret-
ical results show a 10X improvement in performance over
simplistic static policies while maintaining SLO compliance.
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1 Introduction

Large Language Model (LLM) inference is a rapidly growing,
important workload [27]. It relies on large matrix multiplica-
tions, typically executed on GPUs, to generate output tokens
from the input context [11, 18]. Despite hardware accelera-
tion, inference latency—or Time To First Token (TTFT)—still
increases quadratically with context length [52]. For exam-
ple, the NVIDIA H200 GPU requires 18 seconds to produce
the first token for the context length of 128K tokens using
Llama-3.1-70B [8, 17].

To reduce this overhead, prior work has proposed caching
computation results 7, 10, 42, 56—59, 65]. These results are
stored as Key-Value (KV)-cache data. Despite its name, a KV-
cache is not a traditional key-value store. Instead, it contains
the key and value vectors generated by transformer atten-
tion layers for previously processed tokens [36, 50]. The key
and value vectors are stored together and reused by future
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attention computations, avoiding redundant recomputation.
A KV-cache effectively reduces computational costs from
O(N?) to O(N), as vectors for prior tokens are retrieved
from the cache rather than recomputed. For example, with
KV-cache reuse enabled, the H200 GPU can produce the first
token for a 128K-token context in less than 2 seconds [19].

Traditionally, KV-cache data resides in the GPU’s High
Bandwidth Memory (HBM) [2, 24, 40, 63]. With many users
and longer context lengths, the KV-cache data can quickly
exceed GPU memory space. For example, a 128K-token con-
text on Llama-3.1-70B requires roughly 30GB of KV-cache.
With only 10 users, KV-cache demand exceeds 300GB, far
beyond the HBM capacity of a single GPU (e.g., H200 HBM
capacity is 141GB). Moreover, a significant portion of GPU
memory must be reserved for ever-increasing number of
model weights, further reducing the amount of space avail-
able for KV-cache data.

To address these limitations, KV-cache offloading to multi-
tier storage has emerged as a key solution [6, 9, 12, 30, 43,
47, 56, 62]. Inference engines often serve multiple users (or
agents) concurrently. Each user typically creates a session
and interacts with the system by submitting requests. Af-
ter some time, inactive user sessions’ KV-cache data may
be evicted from GPU memory to lower storage tiers (e.g.,
CPU DRAM, local storage, remote storage) to make room
for active users. As the number of users and session context
lengths increase, the likelihood of eviction to lower stor-
age tiers grows. Consequently, when inactive users return,
restoration of evicted KV-cache data becomes more frequent
across all tiers.

Depending on which tier has the required KV-cache data
and hardware characteristics, recomputing keys and values
for a request could be faster than retrieving the data from
KV-cache storage. The fundamental question then is: when
to restore vs. when to recompute? The large configuration
space of storage tiers and hardware options makes it difficult
to design a unified static solution that generalizes across
deployments [13, 14].

KV-cache offloading involves multiple hardware compo-
nents, including interconnection links, storage devices, and
memory tiers. Thus, selecting restoration and recomputa-
tion thresholds (based on time or number of tokens) often
requires deployment-specific benchmarking [4, 20, 21, 44],
which is time-consuming, expensive, and can quickly become
suboptimal as workloads and system conditions change [1].
Furthermore, the restoration-recomputation trade-off is in-
herently dynamic due to evolving data access patterns, unpre-
dictable data distributions, and varying service-level objec-
tives (SLOs). These factors make it increasingly challenging
to determine when KV-cache data should be restored from
storage or recomputed on the GPU.
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In this paper, we introduce a new approach that dynami-
cally switches between recomputation and restoration based
on the current system state. At the core of our design is an
I/O-aware KV-cache management policy that makes deci-
sions based on service-level objectives (SLOs) requests and
real-time observations of GPU and storage performance. Un-
like existing approaches, our prototype simulator enforces a
cache policy that continuously adapts to changing SLO re-
quirements and the observed behavior of the underlying
storage systems, enabling more accurate and responsive
decision-making. Our early experiments demonstrate over
10X improvement over existing static policies.

2 Background

KV-cache Offloading. During LLM inference, the KV-cache
is stored as blocks of data, where each block holds the key
and value vectors for a fixed number of tokens (e.g., 16 or
32). To process a token, the model must read its relevant
KV-cache blocks. Rather than copying these blocks into a
contiguous buffer, the inference engine reads them in place
(i.e., zero-copy): a block table maps each block to its phys-
ical location in GPU memory, and the model reads each
block directly from that location. Consequently, the rele-
vant KV-cache blocks must be resident in GPU memory
before they can be used [24]. Modern cache systems [30, 32]
offload KV-cache blocks into external storage tiers, includ-
ing CPU DRAM, local storage devices (e.g., SSD), and re-
mote storage systems (e.g., S3). Inference engines [24, 63]
integrate with cache systems through pluggable connec-
tors [43, 51], which coordinate data placement and retrieval.
Higher tiers provide greater throughput but are expensive
and capacity-constrained, whereas lower tiers offer larger
capacity at lower throughput (e.g., 141GB of HBM provides
up to 3,360GB/s of bandwidth, whereas terabytes of NVMe
Genb5 storage provide roughly 10GB/s). Consequently, in-
ference performance depends strongly on the underlying
hardware. In this exploratory work, we consider a hierarchy
consisting of GPU HBM, single-node CPU DRAM, and a lo-
cal SSD connected through a single interconnect (e.g., PCle);
more complex hierarchies are left to future work.

I/O Overhead. KV-cache offloading is the main source of
I/0 overhead during inference [30]. Cache systems transfer
KV-cache blocks between storage tiers and track their lo-
cation so that the correct blocks can be returned to GPU
memory when the inference engine requests them. The
three main KV-cache operations are LOOKUP, STORE, and
RESTORE [30, 51]. Lookup operations access only KV-cache
metadata, which is small enough to reside in CPU DRAM
and therefore incurs negligible I/O overhead. Store opera-
tions execute asynchronously and hence have limited impact
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on performance. Restore operations are the most latency-
critical. Although restore operations are asynchronous from
the cache’s perspective, they are effectively blocking from
the inference perspective, as requests must wait for the re-
quired KV-cache data before proceeding. As a result, restore
operations introduce queueing delays attributable to 1/O
overhead [16]. The magnitude of this overhead depends on
factors such as the hardware characteristics, data distribu-
tion, and access patterns, all of which influence effective I/O
performance [33, 55].

Service Level Objectives. The I/O overhead caused by KV-
cache offloading indirectly impacts inference performance.
The magnitude of this impact depends on the storage tier a
block is fetched from: the slowest tiers (e.g., remote disks)
degrade performance the most, whereas faster tiers (e.g.,
CPU DRAM) cause less impact. Inference services are typ-
ically evaluated using a variety of service-level objectives
(SLOs), including time-to-first-token (TTFT), time-to-last-
token (TTLT), and service throughput (measured in requests
or tokens per second). In this work, we focus on two general
QoS metrics: service throughput and tail latency. Service
throughput is defined as the rate of requests completed per
unit of time and is primarily influenced by the computa-
tional capacity of the GPU. Tail latency is defined as the
95"_percentile (P95) of prompt-processing phase (prefill)
latency, representing the latency experienced by the slowest
5% of requests during input processing. We focus on prefill
latency because restoration and recomputation affect only
this stage, while token-generation phase (decode) latency is
assumed to be unchanged across policies. Beyond the SLOs
above, other objectives such as energy consumption, finan-
cial costs, and data durability are also relevant, but they are
outside the scope of this work.

Related Work. Existing solutions employ a range of op-
timizations to reduce restoration overhead. At the hard-
ware and system level, these include high-speed intercon-
nections [25, 26] and GPU direct-access methods [35, 37, 38].
At the application level, optimizations include request sched-
uling across multiple inference engines [22, 30], divide-and-
conquer parallelism of inference steps [5, 34, 54, 64], model
and KV-cache quantization [23, 28, 29], and data compres-
sion [31, 46, 47] to reduce KV-cache size. Other systems
navigate the restoration-recomputation trade-off using tun-
able thresholds and storage tier selection policies [30, 53, 55],
context importance-aware offloading policies [48], or model-
weight offloading techniques to free GPU memory for KV-
cache data [61]. As such, our approach is orthogonal to exist-
ing optimization techniques and can leverage improvements
from faster storage, more efficient offloading, compression,
and quantization methods while still making restoration-
versus-recomputation decisions.

10

HotStorage ’26, September 28-29, 2026, Prague, Czech Republic

3 Problem Statement

Tiered Caching Simulation. To understand how hardware
characteristics impact KV-cache offloading performance, we
developed a performance-modeling simulator that models
the GPU compute speed, the storage tiers (GPU HBM, CPU
DRAM, and local or remote disk), and the transfer links be-
tween them. Using this model, we analyzed the restoration
and recomputation times across 1,764 hardware configura-
tions. The simulator is implemented in approximately 1,000
lines of Python and Go code.!

The simulator assumes that KV-cache data is restored
from higher memory tiers until their capacity is exhausted,;
thereafter, restoration falls back to lower storage tiers. This
approach approximates typical cache systems’ behavior [30].
To make the simulated model tractable, we omit complex
mechanisms such as prefetching, inter-tier data movement,
and random-access patterns. The simulator models the time
required to restore N KV-cache blocks during inference with
a tiered storage hierarchy of one HBM, one DRAM, and one
disk. To simplify the analysis, we assume that only model
weights occupy the HBM, and that the remaining capacity
is fully available for KV-cache space. After reserving space
for weights (e.g., 2P bytes for bf16 precision, where P is the
parameter count), the remaining effective HBM capacity is

Effective Capacity gy = Capacity pypy — 2P
which determines how many blocks fit on HBM:
Effective Capacity ypp

KVC Space yp\ =

5

Sblock

where Splock is the byte size of one KV block. The KV-cache
block size is derived from the model architecture. For a Llama-
3 model with 16-token blocks, each block occupies approxi-
mately 2MB.

The capacity of each tier determines how many KV-cache
blocks can be stored before spilling to the next tier. The
KV-cache restoration time is computed piece-wise across
the hierarchy from HBM to disk based on the transferred
data volume, its capacity, and effective bandwidth (Ser). No
restoration is required when the data resides entirely in HBM.
For DRAM and disk, restoration throughput is limited by
the slower of the storage-tier bandwidth and the CPU-GPU
interconnect bandwidth, resulting in effective bandwidths
of min(Byram, Plink) and min(Byisk, Plink ), respectively.

The compute time is modeled using a roofline-based ap-
proximation that combines the model’s computational cost
with the GPU effective compute throughput [41, 60]. Because
processing each block requires attending to all preceding
blocks, processing N blocks is modeled as:

2 .
tcompute =N Thlock - £,

L https:// github.com/ sbu-fsl/ KVC-TierSim
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where Tyjock is the number of tokens per block and £ is the
per-token compute time. We estimate £ as:

F token(z 2P )
q)peak N

i =

5

where Fioken is the number of FLOPs required to process
one token for the target LLM, ®cax is the peak FLOP/s of
each GPU, and 7 is the hardware utilization efficiency, or
MFU [8]. Therefore, larger models increase compute time
through Fioken, while different GPUs affect compute time
through ®p.x and 7. In this model, we assume that = 1,
corresponding to perfect GPU utilization. All other hardware
specifications, including device bandwidths and capacities,
were collected from NVIDIA [39], FS [15], Bizon-Tech [3],
and UserBenchmark [49].

In our simulated experiments, we assume a request’s entire
context is already stored as KV-cache in the storage hierar-
chy, and we use the equations described earlier to measure
the time to transfer all of the necessary KV-cache entries
into GPU memory so the context is available for process-
ing. Figure 1 presents the results of this theoretical analysis.
Each (gray) violin plot summarizes restoration times across
1,764 hardware configurations formed from combinations of
6 GPUs, 6 PCle interconnects, 7 DRAM configurations, and 7
storage devices for a given session context length. The wide
spread within each violin shows that, even at a fixed con-
text length, hardware selection alone can change restoration
time by 2-3 orders of magnitude. At smaller context lengths,
restoration times exhibit substantial variation because the
KV-cache data may fit entirely within GPU HBM or CPU
DRAM, depending on the hardware configuration. As the
context length exceeds the effective HBM capacity, restora-
tion performance becomes increasingly constrained by disk
bandwidth and capacity. In contrast, recomputation times re-
main independent of the storage configuration because they
are determined by the model architecture and GPU com-
pute capability. These results indicate substantial variation
in restoration performance across hardware configurations
and context lengths. For a given context length, multiple
hardware configurations may satisfy the SLO requirements.
Furthermore, the recomputation curves for nearly all GPUs
(except the H200) intersect the restoration-time distributions.
This suggests that, depending on the storage and GPU con-
figuration, either recomputation or restoration may provide
better performance (i.e., a trade-off). These observations
highlight the need for adaptive policies that dynamically
balance recomputation and restoration based on hardware
characteristics, context length, and application SLOs.

Case Study. As a motivating case study, we evaluated two
GPUs, an H200 and an RTX A5000, together with a SATA
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Figure 1: Performance modeling results for recompu-
tation and restoration across 1,764 hardware configu-
rations. Dashed lines show recomputation times for
different GPUs; violin plots show restoration-time dis-
tributions (red lines denote medians). The x-axes rep-
resent session context length and corresponding KV-
cache size; the y-axis shows completion time.

SSD, to examine the impact of restoration and recomputa-
tion on inference throughput and tail latency. Our analysis
shows that the impact of restoration depends on the storage
tiers and data-transfer paths. Restoration can increase end-
to-end inference latency by up to 10X on high-performance
GPUs, whereas it becomes nearly equivalent to recomputa-
tion on lower-performance GPUs. To serve the same model
on both GPUs, we evaluated KV-cache restoration using the
Llama-3.1-8B-Instruct model under constrained cache
capacities (2GB HBM and 1GB DRAM) to force KV-cache
offloading to disk. We executed twice a ShareGPT-based [45]
chatbot comprising 200 sessions (~5 requests/session and
~1,000 input tokens/request): first to populate the cache hier-
archy and trigger KV-cache evictions, and then to replay the
same sessions and measure KV-cache restoration. During
execution, we periodically sampled the system as sessions
accumulated, increasing the aggregate context length from
approximately 1.6 X 10° to 1.6 X 10° tokens. The reported
context lengths represent the total KV-cache footprint across
all sessions rather than the length of any individual conver-
sation.

Figure 2 presents the results of this experiment. For the
H200, restoration latency remains low at small context lengths
because KV-cache data can be retrieved from GPU HBM.
In contrast, the A5000 does not benefit from the same be-
havior and exhibits higher restoration latency. As context
length increases, more KV-cache data resides on disk, caus-
ing restoration latency to grow substantially, and even reach
minutes or hours. In contrast, recomputation latency is pri-
marily determined by GPU compute capability, remaining
relatively low on the H200 while increasing on the A5000.
These results show that storage performance can become a
major bottleneck for long-context inference, making recom-
putation a more attractive alternative on GPUs with high
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Figure 2: Processing time of different context lengths
when the data is computed on GPU versus when it is
restored from SSD.

compute throughput. In contrast to the H200, the lower com-
pute throughput of the A5000 makes KV-cache restoration
and recomputation comparable in execution time, making
both viable alternatives that produce the same outputs.

4 Policy Design

In this work, we propose an I0-aware KV-cache management
policy that adaptively decides whether KV-cache data should
be restored from the storage hierarchy or recomputed. The
policy is applied only during restoration operations, while
the cache system always attempts to preserve KV-cache en-
tries during normal execution.

We assume GPU-resident blocks require no restoration
and that CPU DRAM is used only as a transient transfer
buffer. In this work, we apply the policy at the disk tier,
where its impact is most pronounced and can be most clearly
observed; extending it to CPU DRAM is left as future work.
Upon a restore request, the cache system uses metadata to
identify cached and missing KV-cache blocks. Missing blocks
are recomputed. For blocks that have been evicted to the disk
tier, the cache system must decide whether each block should
be restored from disk or recomputed on the GPU. The goal
of the policy is to balance the workload between storage
restoration and GPU recomputation while avoiding resource
over-utilization and request queuing.

For the remainder of this section, we assume a GPU re-
computation throughput of X bytes/s, a storage restoration
throughput of Y bytes/s, a target request rate of r requests/s,
a P95 latency target of p seconds, a restore request containing
N KV-cache blocks of size B bytes each, and M cache-miss
blocks that must be recomputed because they are unavailable
in the storage hierarchy.

Since restoration and recomputation can proceed in paral-
lel, the request completion time is determined by the slower
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of the two paths. Of the N requested blocks, M must be re-
computed unconditionally because they are cache misses.
We let k additional cache-hit blocks be reassigned to recom-
putation, so recomputation handles N, = M + k blocks and
restoration handles Ny = N — M — k. Because the two paths
run in parallel, their maximum completion time is minimized
when the paths finish together; setting T, = T; and solving
for k yields k = )% — M, which we clamp to the feasible
range 0 < k < N — M. Therefore, the optimal allocation is
obtained by balancing the restoration and recomputation
workloads such that their completion times are equal:

k=max(0,min(N—M,T —M)),

where k denotes the number of cache-hit blocks reassigned
from restoration to recomputation. After computing the op-
timal value of k, the policy derives the number of blocks to
recompute (N, = M + k) and restore (Ns = N — M — k). The
resulting allocation is then validated against the throughput
and tail-latency objectives separately. The recomputation
time, restoration time, and request completion time are de-
fined as

Treq = max(Te, T;).

The tail-latency constraint requires the request completion
time to remain below the target P95 latency Treq < p. The
throughput constraint is modeled as a resource-utilization
constraint. At a target request rate of r requests/s, the re-
computation workload must not overload the GPU, and the
restoration workload must not overload the storage tier,
rT. < 1 and rT; < 1. If all constraints are satisfied, the
allocation is accepted. Otherwise, the request cannot simul-
taneously satisfy the throughput and tail-latency objectives
under the current storage and compute capabilities. In such
cases, additional resources, a relaxed SLO, or a different cache
placement strategy may be required. The policy then oper-
ates in a best-effort mode by selecting the allocation that
minimizes the maximum constraint violation.

5 Evaluation

Results. To evaluate the proposed policy, we used the sim-
ulator described in Section 3 and measured the success rate
of satisfying both throughput and tail-latency objectives.
Figure 3 compares the proposed policy against restoration
and recomputation across six GPU models, ordered from
the slowest (a) to the fastest (f). For each evaluated configu-
ration, we determine whether both objectives are satisfied.
The success rate is defined as the fraction of configurations
that meet both objectives; higher success rates indicate more
effective approaches.
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Figure 3: Effectiveness of the proposed policy com-
pared with restoration and recomputation across cache-
ratio configurations, ordered from slower to faster
GPUs. Success rate represents the fraction of scenarios
that satisfy both throughput and tail-latency objec-
tives; higher values are better.

Figure 3e illustrates the trade-off between restoration and
recomputation across different cache-hit ratios. The cache-
hit ratio represents the fraction of KV-cache blocks that
can be restored from storage. For example, a 25% cache-
hit ratio means that 25% of the required KV-cache blocks
are restored, while the remaining 75% are recomputed. As
shown, when the cache-hit ratio is below 25%, restoration
(red line) improves the success rate by up to 25% compared to
recomputation (green line). However, as the cache-hit ratio
increases, a larger fraction of KV-cache blocks is restored, in-
creasing restoration overhead and reducing its effectiveness.
In contrast, the proposed I/O-aware KV-cache management
policy (blue line) adapts to these changing conditions and
maintains up to a 10X improvement in effectiveness by selec-
tively leveraging the GPU’s computational capability when
recomputation is more efficient than restoration. Figure 3f
demonstrates that this transition occurs at lower cache-hit
ratios for high-performance GPUs such as the H200, further
increasing the effectiveness of our proposed policy.

As shown in Figures 3a—d, slower GPUs often struggle
to satisfy both objectives because of their limited recom-
putation throughput, causing recomputation success rates
to remain below 20% and restoration success rates below
40%. Nevertheless, the blue line (our policy) consistently
achieves the highest success rate by dynamically selecting

13

A. Zadeh et al.

between restoration and recomputation. As the cache-hit
ratio increases, the policy can leverage more restoration op-
portunities, further improving its effectiveness across most
evaluated configurations.

Overhead Analysis. We measured the cost of the decision
itself over 20.2 million timed scheduling decisions in our
simulator. The proposed policy averages 5.07us per decision.
The scheduler sustains ~ 2 x 10° decisions/s; concretely,
scheduling 10° real-world requests costs ~5.1s (versus 0.23s
for the fixed policies). Crucially, in a deployed system the
parameters this scheduler reads already exist in the cache
subsystem and the inference engine, so no additional state is
required; the only cost incurred is this computation overhead.

6 Discussion

Conclusion. Existing LLM inference cache systems lack
an adaptive mechanism for balancing KV-cache restoration
and recomputation. To address this limitation, we propose
an I/O-aware KV-cache management policy that maximizes
inference throughput while increasing the success rate of
satisfying both throughput and tail-latency constraints. Ac-
cording to our experiments, the proposed policy can achieve
up to a 2-10X performance improvement.

Ongoing and Future Work. As future work, we plan to
implement the proposed policy in a production-grade LLM-
serving system and evaluate it under a diverse set of work-
loads, GPUs, and storage configurations. While this paper
relies on simulation to study the trade-off between KV-cache
restoration and recomputation, a real-world implementa-
tion would enable us to quantify runtime overheads, vali-
date the accuracy of our performance models, and measure
end-to-end inference performance under realistic operating
conditions. We also plan to investigate how data placement,
cache-hit ratios, caching policies, and access patterns affect
policy effectiveness in dynamic multi-tier storage hierarchies.
Finally, we intend to extend our work to distributed infer-
ence environments, where KV-cache data may be shared,
migrated, or restored across multiple nodes, introducing
new challenges and opportunities for adaptive-cache man-
agement for LLMs.
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