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KVDRrive: A Holistic Multi-Tier KV Cache Management System for
Long-Context LLM Inference

Anonymous Author(s)

Abstract

Supporting long-context LLMs is challenging due to the substantial
memory demands of the key-value (KV) cache. Existing offloading
systems store the full cache in host memory and selectively fetch
critical entries during decoding, but this strategy quickly hits a
ceiling: sparsity cannot be pushed further without degrading ac-
curacy. As a result, when context length and batch size grow, the
volume of KV transfers rises sharply and becomes the dominant
source of decoding latency. We present KVDRIVE, a holistic multi-
tier KV cache management system spanning GPU memory, host
DRAM, and SSD. Unlike prior work that pursues greater sparsity
through algorithmic refinements, KVDRIVE tackles the problem
from a systems perspective—jointly orchestrating cache placement,
pipeline scheduling, and cross-tier coordination to sustain high-
throughput inference under tight GPU budgets. KVDrIVE advances
three fundamental capabilities: it adapts cache management to at-
tention behavior to maximize reuse and minimize redundant data
movement; it restructures the decoding pipeline to overlap I/O- and
CPU/GPU compute-bound stages, eliminating stalls across hetero-
geneous resources; and it harmonizes data movement across memory
tiers to unlock scalable long-context inference far beyond GPU and
DRAM limits. We have implemented a fully functional prototype
of KVDRIVE and evaluated it on long-context benchmarks with
popular LLMs. The system achieves up to 1.74X higher throughput
compared to state-of-the-art works while preserving accuracy.
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1 Introduction

Aslarge language models (LLMs) continue to scale in both capability
and adoption, supporting long-context inference [21] has become
increasingly important for applications such as document under-
standing, complex agent workflows, software development [11],
and reasoning over large knowledge bases.
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A central obstacle to long-context inference is the memory foot-
print of the key-value (KV) cache. During autoregressive decoding,
LLMs must retain the keys and values of all preceding tokens to
enable attention computation. Unlike model weights, which remain
fixed, the KV cache grows linearly with sequence length and batch
size, and can easily surpass the size of the model itself. Efficient KV
cache management has therefore emerged as a critical challenge
for enabling long-context LLMs.

For example, Llama-3.1-8B-Instruct [23] supports sequences of
up to 128k tokens—roughly 200 pages of text—requiring a KV cache
exceeding 16 GB. Emerging models extend context windows to 1M
tokens [34], further amplifying this demand. In contrast, commod-
ity GPUs provide only tens of gigabytes of memory, which must
also accommodate model weights, activations, and other runtime
overheads. This memory gap makes it infeasible to store the entire
KV cache in GPU memory for long-context or large-batch inference.

To bridge this gap, recent studies propose offloading KV caches
to host memory [6, 7, 18, 28, 29, 40]. Before each attention compu-
tation, the needed entries are reloaded into GPU memory. While
offloading alleviates GPU pressure, it introduces new inefficien-
cies across the system. Existing approaches fail to coordinate CPU
and GPU computation, data transfer, and storage effectively, often
leaving one or more resources underutilized—GPU memory idles
while waiting for data, CPUs stall during GPU execution, or I/O
bandwidth remains unused between transfers. As a result, they fail
to achieve a holistic balance among GPU, CPU, and I/O subsystems,
preventing them from reaching an optimal coordination point.

To address these challenges, we propose KVDRIVE, a holistic
multi-tier KV cache management system spanning GPU memory,
host DRAM, and SSD. Unlike prior work that relies on algorithmic
sparsity refinements, KVDRIVE approaches the problem from a sys-
tems perspective—jointly optimizing cache management, pipeline
scheduling, and storage tiering for efficient long-context inference
under tight GPU budgets. It introduces three key techniques:

(1) Attention-Based Cache Management. KVDRIVE rethinks
conventional cache management—traditionally guided by generic
access frequency or recency—by making it attention-aware and
tailored to the transformer architecture. Particularly, although the
exact set of critical KV entries varies across tokens, they exhibit
temporal locality within decoding windows. Leveraging this prop-
erty, KVDRIVE maintains a sliding window of critical entries in GPU
memory, incrementally updating only out-of-window differences.
It depends on a 2D layer-head cache allocation and lookahead evic-
tion to maximize reuse while keeping memory overhead bounded.

(2) Elastic Pipeline Scheduling. KVDRIVE decouples selection,
fetching, and computation into independently scheduled stages
through a new SFC disaggregation design. Leveraging the distinct
characteristics of each stage, the system partitions decoding into
micro-batches and executes these stages in parallel with minimal
interference. Fine-grained micro-batching overlaps the memory-,
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transfer-, and compute-bound stages, while the index size, cache
size, and micro-batch size are jointly tuned to balance latency,
throughput, and accuracy. This design effectively eliminates pipeline
stalls and sustains high utilization across GPU, CPU, and I/O sub-
systems under diverse workloads.

(3) Coordinated Multi-Tier KV Storage. Extending beyond
DRAM-only offloading, KVDRIVE incorporates SSD as a third tier
and coordinates data movement across HBM, DRAM, and SSD. It
applies importance-guided warm-up to prioritize high-value KV
entries during prefill, employs an SSD-aware layout to maximize se-
quential I/O locality, and performs parallel sparse synchronization to
minimize cross-tier transfer overhead. Together, these mechanisms
enable scalable long-context inference well beyond the memory
capacity of GPU and DRAM alone.

In summary, this paper makes the following contributions:

o We present KVDRIVE, a holistic multi-tier KV cache man-
agement system that sustains efficient long-context LLM
inference under tight GPU cache budgets.

e We introduce an attention-aware cache management mech-
anism that enables efficient reuse of KV entries in GPU
memory, substantially reducing redundant data movement.

e We propose an elastic pipeline scheduling strategy that
decouples selection, fetching, and computation, achieving
fine-grained overlap and eliminating stalls.

e We design a coordinated multi-tier storage architecture that
provides low-latency access and scalable support for long
contexts beyond GPU and DRAM capacity.

e We implement and evaluate KVDRIVE on long-context bench-
marks, demonstrating up to 1.74x higher throughput com-
pared to existing systems, while preserving accuracy.

2 Background & Related Work

2.1 KV Cache Basics

Modern LLMs [25, 30] are typically built on decoder-only Trans-
formers [9]. Inference is divided into two phases: prefill and decod-
ing. During prefill, all input tokens (the prompt) are processed in
parallel. This phase generates the first output token while storing
intermediate key and value vectors in GPU memory, collectively
referred to as the KV cache. In the subsequent decoding phase,
tokens are generated autoregressively, with each step appending
new key and value vectors to the cache. This design eliminates
redundant computation and enables efficient token generation.

2.2 Sparse Attention

Not all tokens contribute equally to attention: tokens with higher
attention scores typically play a more critical role [8, 15, 17, 22,
29, 35, 38]. Their corresponding key—value pairs are referred to as
critical KV entries, and discarding non-critical entries generally
leads to only minor accuracy loss [41]. Since token criticality de-
pends on the current query, the system must dynamically identify
which KV entries are relevant. For example, as shown in Figure 1,
given a context “ABCDE”, when decoding the next token, Head 1 in
Layer 31 identifies the KV entries of tokens “A” and “E” as critical.
As a representative system, Quest [29] partitions key entries into
chunks and estimates their importance by multiplying the query
vector with the channel-wise minimum and maximum of the keys.
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Figure 1: An example of sparse at-
tention in a 32-layer, 8-head model.

Figure 2: Two types of
offloading systems.

By retrieving only the Top-K important chunks per query, Quest
substantially reduces attention computation.

2.3 KV Cache Offloading

The KV cache size grows linearly with context length and batch
size, quickly exceeding GPU memory capacity. To mitigate this
bottleneck, recent studies propose offloading KV caches from GPU
memory to slower but larger tiers such as host memory or SSDs.

Several systems [5, 10, 14, 32] focus on multi-session scenarios,
where each session’s KV cache fits in GPU memory but the ag-
gregate demand across sessions exceeds capacity. Inactive-session
caches are offloaded while the active session remains on GPU. For
example, as shown in Figure 2a, the KV caches of four inactive
sessions (S3-S6) are stored in DRAM while those of two active
sessions (S1-S2) remain in GPU memory. These methods primarily
aim to reduce time-to-first-token. However, they assume the active
session’s cache always fits in GPU memory—an assumption that
fails in long-context inference.

More recent works [6, 7, 18, 28, 29, 40] instead offload the ac-
tive sessions’ KV caches to host memory, such as S1 and S2 in
Figure 2b. During decoding, each token typically requires three
steps: (1) selecting critical KV entries via the index stored in the
GPU memory; (2) fetching these entries from host memory to GPU
memory; (3) computing the new token with sparse attention and
other layer operations (e.g., feed-forward networks).

The naive solution is to store all keys in GPU memory as the
index and offload all values to host memory. Critical entries are
then selected by multiplying each query with the full set of keys
and retrieving the Top-K. To improve efficiency, three optimization
strategies have been explored: (i) Column selection: InfiniGen [18]
selects a subset of key columns with the largest magnitudes. (ii) Spa-
tial chunking: Quest [29] and ShadowKV [28] partition adjacent
keys into chunks and use their min/max/mean values as represen-
tatives. (iil) Similarity grouping: MagicPig [7] employs Locality-
Sensitive Hashing to group similar keys, while RetrievalAtten-
tion [20], RetroInfer [6], and PQCache [40] leverage general Ap-
proximate Nearest Neighbor Search (ANNS) techniques, which use
cluster centroids as index representatives for efficient key retrieval.

As summarized in Table 1, KVDRrivE advances KV cache offload-
ing along three dimensions: (i) Caching. Existing systems such as
ShadowKV [28], PQCache [40], and RetroInfer [6] employ generic
cache management policies—typically LFU or LRU—that rely solely
on past access frequency or recency. In contrast, KVDRIVE intro-
duces an attention-aware cache manager that maintains its in-GPU
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Table 1: Comparison between several representative KV cache offloading systems and our KVDRIVE.

Naive Quest [29] | ShadowKV [28] InfiniGen [18] MagicPIG [7] | PQCache [40] KVDR1IVE (Ours)
] Attention-Based
Caching x x LRU x LFU/LRU Cache Management
. . . . Partial Pipeline . . Elastic Pipeline
Scheduling | Sequential | Sequential Sequential w/o Fetching Stalls Sequential Sequential w/ Minimized Stalls
Tiering DRAM DRAM DRAM DRAM DRAM DRAM Coordinated Multi-Tier
KV Storage

cache based on real-time attention distributions and model-specific
architectural patterns, enabling effective reuse aligned with the
model’s behavior. (ii) Scheduling. Most prior systems follow a
sequential pipeline of selection, fetching, and computation, which
leads to frequent GPU stalls. InfiniGen [18] attempts to mitigate
this via speculative prefetching based on the previous layer’s atten-
tion. However, this approximation often degrades accuracy in long-
context tasks. KVDRIVE instead employs an elastic pipeline scheduler
that overlaps these stages at fine granularity, effectively reducing
stalls and sustaining high utilization under diverse workloads with-
out compromising generation quality. (iii) Tiering. Prior systems
like FlexGen [27] perform coarse-grained, layer-wise offloading.
This is inefficient for sparse attention workloads, as fetching un-
used KV blocks causes severe I/O amplification. KVDRIVE instead
adopts parallel sparse synchronization, fetching only the specific KV
blocks required by each query. This fine-grained approach, coupled
with our coordinated multi-tier design, allows KVDRIVE to extend
the storage hierarchy to SSDs efficiently, mitigating the bandwidth
bottleneck that limits coarse-grained offloading solutions.

These three mechanisms are not isolated optimizations but are
integrated to fundamentally change how long-context KV cache
management is performed: the elastic scheduler hides the latency
of the sparse I/O, while the attention-guided cache minimizes the
volume of that I/O, enabling scalable inference cross heterogeneous
storage hierarchies.

3 Motivation

The memory footprint of the KV cache grows linearly with both
context length and batch size, which quickly becomes prohibitive in
practice. This linear growth makes directly storing all KV caches in
GPU memory impractical under current hardware constraints. For
instance, with a batch size of 8 and a context length of 100K, the KV
cache of Llama-3-8B requires nearly 100GB of memory—beyond
the capacity of most commodity GPUs.

As discussed in § 2.3, prior studies have proposed various KV
cache offloading systems. We select Quest [29], Retrolnfer [6], and
ShadowKV [28] as representative systems, RULER [13] as a bench-
mark, and an L20 server (§ 9.1). All baselines are implemented
following their original papers; however, to ensure a fair compar-
ison, we disable several auxiliary optimizations. Details of these
adjustments and the hyperparameter are provided in § 9.1. In the
following, we identify three fundamental limitations that hinder
their practicality and performance in large-scale deployments under
realistic long-context and multi-batch settings.

First, most existing systems [18] load a fresh set of critical KV
entries from host memory at every decoding step, discarding those
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Window Size
(b) Context Length: 122k

Window Size
(a) Context Length: 60k

Figure 3: Effect of critical KV windows with different window
sizes for Llama-3-8B under 1.56% and 6.25% budgets.

previously fetched into GPU. Recent studies [28, 40] have observed
short-range temporal locality—i.e., consecutive queries often attend
to overlapping critical KV entries—yet this has not been systemati-
cally analyzed in the long range.

FINDING 1. Critical KV entries exhibit strong temporal cor-
relation not only between adjacent tokens but also across a
broader local range. Maintaining a sliding window of recent
critical KV entries therefore enables effective reuse.

We define a critical KV window for each decoding step as the
set of critical KV entries corresponding to multiple recent tokens.
To evaluate temporal reuse, we measure (i) the additional GPU
memory overhead and (ii) the amount of reloaded data, defined as
the non-overlapping KV entries between adjacent windows.

We denote the window configuration as “xN”, where N repre-
sents how many times the window size exceeds the per-step sparsity
budget. Here, “x0” indicates that no KV entries are retained after
each decoding step (i.e., the cache is cleared entirely), “x1” retains
one step’s worth of critical entries, and larger values such as “x2”
correspond to sliding windows that cover multiple recent steps.

Most existing offloading systems follow a per-step sparsity par-
adigm: each decoding step retrieves its corresponding critical KV
entries, uses them once, and then discards them (“x0”). A few meth-
ods, such as ShadowKV [28] and PQCache [40], retain only the
most recent step’s entries (“x1”), achieving modest reuse. As illus-
trated in Figure 3, our analysis shows that maintaining a sliding
window of multiple steps (e.g., “x2” and “x3”) yields substantially
higher benefits. With a sparsity budget of 6.25%, increasing the
window size from X0 to X3 reduces host-GPU transfers from over
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Figure 4: Time breakdown of the three representative offload-
ing systems under different context lengths and batch sizes

under a sparsity budget of 1.56%.

500 MB to below 12.5 MB per step. This observation indicates that
a small fraction of additional GPU memory, typically available after
accounting for model parameters and intermediate activations, can
be effectively repurposed to cache recently used KV entries.

FINDING 2. KV selection and fetching together account for a
substantial portion of the decoding latency. Their sequential
execution creates pronounced GPU pipeline stalls, and their
impact increases with larger batch sizes and longer contexts.

As shown in Figure 4, both KV selection and fetching together
account for nearly 50% of the total runtime under realistic context
lengths and batch sizes. This bottleneck arises mainly from the high
computational cost of selection and the data movement in fetching,
and it becomes increasingly pronounced as the batch size or context
length grows. During selection, different systems adopt distinct in-
dexing schemes with varying computational overhead. Quest [29]
evaluates each query against both the minimum and maximum
keys within every chunk, resulting in the longest selection latency.
In contrast, ShadowKV [28] compares queries only with the mean
key of each chunk, while Retrolnfer [6] uses cluster centroids, both
of which reduce the selection cost. Following selection, the fetching
stage must transfer the identified KV entries from host memory to
GPU memory before attention computation can proceed. Because
most existing systems execute these stages sequentially—select,
then fetch, then compute—both phases block GPU execution and
cause substantial stalls. Consequently, although offloading allevi-
ates GPU memory pressure, these stalls dominate overall runtime
at scale and prevent existing systems from efficiently handling long
contexts or large batches.

FINDING 3. Due to the limited bandwidth between GPU and
disk compared to GPU-DRAM transfers, existing offloading
systems struggle to efficiently migrate KV caches to disk,
leading to severe throughput degradation.

As shown in Figure 5a, when ample host memory is available,
increasing the batch size significantly improves throughput, since
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Figure 5: Throughput scaling under DRAM-only and disk-
backed offloading for a batch size of 8 and 122k context.
(a) Throughput increases with batch size. (b) A strawman op-
erates beyond DRAM limits but suffers from severe GPU-SSD
bandwidth bottlenecks.

wider batches better amortize memory accesses and parallelize com-
putation. However, under realistic deployment constraints—where a
typical data-center GPU node is provisioned with around 100 GB of
host memory [12, 24] and edge devices often provide even less (tens
of gigabytes)—the KV cache quickly exhausts available capacity
once both long contexts and large batches are considered. Through-
put then plateaus and eventually fails due to out-of-memory errors
when host memory becomes saturated. Thus, systems that offload
KV caches only to DRAM cannot fully exploit GPU compute power:
memory pressure inevitably forces cache spillover to SSD, and with-
out effective multi-tier management, decoding latency once again
becomes dominated by data movement rather than computation.
For example, as illustrated in Figure 5b, we implement a strawman
design inspired by FlexGen [27], which stores the KV cache on
disk using memory mapping. During inference, each layer loads
its corresponding KV entries from SSD into GPU memory on de-
mand, performs attention computation, and immediately evicts
them back to disk after use. While this approach enables operation
beyond DRAM capacity, it exposes the severe bandwidth gap be-
tween GPU-SSD and GPU-DRAM transfers, resulting in extremely
limited throughput and frequent GPU stalls.

4 System Overview

As illustrated in Figure 6, KVDRIVE aims to support high-throughput
long-context LLM inference despite tight GPU memory constraints.
When the KV cache exceeds available GPU capacity, it is offloaded
to host DRAM or SSDs and the system constructs an index in the
GPU memory during the prefill phase (). During decoding, each
new token follows a three-stage workflow: selecting critical KV
entries based on the index (@); fetching the selected entries from
DRAM or SSD into GPU (@)); and performing attention and feed-
forward computation using the fetched KV entries (€)).

KVDRr1vE adopts indexing and sparse attention mechanisms fol-
lowing best practices from prior work (§ 2.3)—combining spatial
chunking and similarity grouping through a new hierarchical de-
sign that organizes a lightweight index in a content-aware man-
ner. Specifically, the KV cache is partitioned into chunks, and the
mean key of each page is used as its representative [28, 29], form-
ing higher-level centroids for similarity grouping. Unlike global
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Figure 6: System architecture. The prefill phase involves of-
floading the full KV cache to DRAM/SSD and constructing
a hierarchical index. During decoding, the Elastic Pipeline
Scheduling module orchestrates a three-stage pipeline (@)~
©). Specifically, upon identifying missing critical KV entries
via Attention-Based Cache Management, the scheduling mod-
ule initiates a fetch operation from the Coordinated Multi-
Tier KV Storage to load required data from SSD to HBM.

K-means-based ANNS approaches [20], this hierarchical structure
preserves local semantic continuity among contiguous tokens. Ac-
cording to § 9, it achieves higher retrieval accuracy than similarity-
grouping methods, while matching the precision of spatial chunking
under only half the index size and delivering up to 2x faster lookup
speed, effectively reducing GPU memory pressure and facilitating
downstream scheduling and tiering optimizations.

KVDRIVE is structured around three core components:

(1) Attention-Based Cache Management: KVDRIVE goes be-
yond naive caching through two complementary mechanisms: (i) a
lookahead eviction policy that leverages current attention signals to
anticipate near-future reuse, ensuring that entries most likely to be
needed remain resident; and (ii) a 2D layer—head scaling strategy
that allocates per-layer and per-head window sizes according to
measured attention locality. Together, these mechanisms maximize
reuse under tight GPU memory budgets while maintaining a fixed
overall footprint (§ 5).

(2) Elastic Pipeline Scheduling: Redesigns the decoding pipeline
through two complementary techniques: (i) SFC disaggregation,
which decouples selection, fetching, and computation into inde-
pendently scheduled stages, enabling fine-grained overlap between
operations; and (ii) pipeline optimization, which optimizes index size,
cache size, and micro-batch size to balance accuracy and through-
put. Together, these mechanisms eliminate pipeline stalls and main-
tain high utilization across GPU, CPU, and I/O subsystems under
varying batch and context configurations (§ 6).

(3) Coordinated Multi-Tier KV Storage: Extends beyond
DRAM-only offloading by incorporating SSD as a third tier and co-
ordinating data movement across HBM, DRAM, and SSD. KVDRIVE
(i) applies importance-guided warm-up to prioritize high-value KV
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Figure 7: Number of Top-M critical KV entries at one decod-
ing step that also belong to the Top-K set at the next step.

entries during prefill, (ii) employs an SSD-aware layout to maximize
sequential I/O locality, and (iii) performs parallel sparse synchroniza-
tion to minimize tier transfer overhead. Together, these mechanisms
enable scalable long-context inference well beyond the memory
capacity of GPU and DRAM alone (§ 7).

5 Attention-Based Cache Management

This section presents an in-GPU cache management scheme that de-
parts from traditional usage-based policies (e.g., LRU, LFU) by lever-
aging the model’s attention mechanism to infer the semantic impor-
tance of cached entries. By aligning cache residency with attention-
derived importance rather than mere access recency or frequency,
KVDRIVE captures temporal locality across nearby tokens and sup-
ports incremental updates instead of redundant reloads.

5.1 Sliding Window w/ Lookahead Eviction

KVDRIVE maintains a sliding window of critical KV entries cov-
ering several recent tokens in GPU memory. At initialization, of-
fline profiling establishes a mapping between the window size and
memory footprint for a given model. The system then selects the
largest feasible window size that fits within the available GPU cache
budget, where the budget is determined after accounting for the
memory occupied by model parameters, activations, and intermedi-
ate buffers. This ensures that the cache fully utilizes the remaining
GPU capacity without interfering with model computation.

During decoding, the window advances by one token at a time:
new critical KV entries are fetched from host memory, while a sub-
set of existing ones are evicted. Figure 7 shows that entries receiving
high attention at one step are much more likely to remain critical
in the next. As M increases, the overlap with the subsequent step’s
top-K set rises rapidly at first and then saturates, indicating that
highly ranked entries are consistently reused while the marginal
benefit of including lower-ranked ones quickly diminishes.

Motivated by this observation, instead of traditional LRU or LFU
policies, KVDRIVE adopts a lookahead eviction policy: at each step,
entries with the lowest current-step attention scores are discarded,
as they are least likely to be reused in subsequent steps.

By maintaining a compact and incrementally updated working
set of KV entries, KVDRIVE amortizes host—GPU transfers across
decoding steps, improving bandwidth efficiency and reducing re-
dundant data movement.
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Figure 8: Data transfer and memory overhead for different
window sizes across layers and heads.

5.2 2D Window Scaling

Our profiling in Figure 8 shows that different layers and attention
heads exhibit heterogeneous trade-offs between memory overhead
and transfer reduction when enlarging the window size. For most
layer—head pairs, larger windows provide only modest savings,
whereas certain layers and specific heads achieve disproportion-
ately higher reductions in transfer volume for the same memory
cost. This reflects the diverse roles of transformer layers and heads:
some primarily capture localized dependencies, while others spe-
cialize in modeling long-range structure. We should allocate less
space for the former one (e.g., Head 1 and 2 in Layer 31 in Figure 9)
and more for the latter one (e.g., Head 8 in Layer 31 in Figure 9).

To systematically exploit this heterogeneity, we formulate 2D
window scaling as an offline optimization problem. For each layer
I and head h, profiling yields: Benefit; ,(w): transfer reduction
achieved with window size w, Cost; j,(w): additional GPU memory
consumed by that window size.

Given a total GPU cache budget M, the objective is:

s.t. Z Costyp(wip) < M.

Lh

max Z Benefit; , (w; p)
{win} 43

This allocation problem is a variant of the multiple-choice knap-
sack problem (MCKP), which is NP-hard in general. Fortunately, the
problem size in our setting is moderate (hundreds of layer-head
pairs and a small set of candidate window sizes). In practice, KV-
DRIVE solves it offline: for small models, exhaustive search is feasi-
ble; for larger ones, we employ a greedy algorithm that starts from
the smallest windows and iteratively enlarges the window with
the highest benefit-to-cost ratio until the GPU cache budget is met.
This approach produces near-optimal allocations within minutes
and incurs no runtime overhead.

By tailoring window sizes across both layers and heads, KVDRIVE
achieves finer-grained cache allocation, striking a better balance
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Figure 9: The offline initialization and online running of the
adaptive in-GPU cache management in KVDRIVE.

between memory efficiency and communication cost, thereby en-
abling high-quality inference under strict resource constraints.

6 Elastic Pipeline Scheduling

Most existing systems [7, 28, 29] adopt a sequential workflow (Fig-
ure 10(a)), where the computation of each layer during decoding
proceeds in three stages: selecting critical KV entries, fetching
them from host memory, and executing the layer’s operations on
the GPU. This design introduces substantial stalls, i.e., idle GPU
cycles when computation must wait for selection or data transfer.
To mitigate stalls, InfiniGen [18] adopts a pipelined design in which
each layer prefetches critical KV entries using attention input from
the previous layer (Figure 10(b)). This reduces fetching stalls by
overlapping data transfer with computation, but selection stalls
remain unresolved, and the approximation used for prefetching can
lead to suboptimal KV selection, potentially degrading accuracy
and stability in long-context scenarios. To eliminate both types of
stalls without sacrificing accuracy, we propose an elastic pipeline
scheduling strategy, as detailed below.

6.1 SFC Disaggregation

The three tightly coupled stages—selection, fetching, and computa-
tion—exhibit distinct performance bottlenecks. The selection stage
executes on the GPU and is primarily I/O-bound, as it requires
reading and scoring large index regions. The fetching stage is dom-
inated by host-device data transfers, while computation (mainly
feed-forward operations) is compute-bound on the GPU. Moreover,
in-GPU cache hit/miss evaluation and metadata updates described
in § 5 require CPU participation, introducing additional synchro-
nization overhead. Executing these stages sequentially and applying
an identical batching strategy across them leads to suboptimal uti-
lization of GPU and CPU compute units as well as I/O bandwidth.

KVDRr1vE addresses these inefficiencies through SFC disaggrega-
tion, which decouples the three stages for independent scheduling.
Each batch is partitioned into multiple micro-batches to enable
fine-grained parallelism between selection and fetching, while com-
putation is executed for the entire batch as a single unit. During
decoding, the GPU performs selection for the current micro-batch
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Figure 10: Comparison between different KV cache offloading scheduling strategies.

concurrently with the CPU evaluating cache hit/miss status for the
previous one and fetching the KV entries of an earlier micro-batch
from host memory. Computation proceeds once all micro-batches
have completed fetching. Meanwhile, cache metadata updates are
overlapped with computation, allowing the system to maintain
cache consistency without interfering with the main decoding
pipeline. This disaggregated design sustains high throughput by
maximizing utilization across GPU, CPU, and I/O subsystems.

Unlike conventional pipeline overlap, SFC disaggregation ex-
plicitly separates the three stages into independently scheduled
units coordinated through lightweight queues and asynchronous
transfers. This design maintains balanced utilization across hetero-
geneous resources and delivers high throughput.

6.2 Pipeline Optimization

The performance of KVDRIVE’s pipeline depends critically on three
parameters: the number of centroids in the index, the GPU cache
size, and the micro-batch size. These parameters jointly determine
the balance between selection accuracy, CPU-GPU coordination
cost, and overall pipeline efficiency.

(1) Index. A larger number of centroids improves selection
granularity but increases selection cost, as each query must com-
pare against more index representatives. Conversely, too few cen-
troids reduce accuracy in identifying critical KV entries. Our ex-
periments show that KVDRIVE achieves comparable accuracy to
spatial-chunking methods [28, 29] using only half as many cen-
troids, significantly reducing selection latency.

(2) Cache size. A larger in-GPU cache shortens fetching time
by reducing host-device transfers, but increases CPU-side hit/miss
evaluation time, which can become the new bottleneck. Before
decoding begins, KVDRIVE performs a warm-up phase that incre-
mentally increases the cache size until the CPU evaluation time
and GPU fetching time reach equilibrium, maximizing end-to-end
throughput under given memory constraints.

(3) Micro-batch size. The micro-batch size determines pipeline
granularity. Excessively large micro-batches create long bubbles be-
tween overlapping stages, whereas very small ones lead to frequent
kernel launches and synchronization overhead. Since the candidate
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Figure 11: A GPU-CPU roofline model
of Llama 3 8B in a KV cache offloading
system on an A100 instance.

range is limited, KVDRIVE performs a short pre-run calibration
to empirically identify the optimal configuration before inference
begins. Through this lightweight tuning process, the system adapts
its scheduling and resource allocation to the underlying hardware
characteristics, ensuring balanced utilization across compute and
I/O components.

6.3 Performance Analysis via Roofline Model

Prior works [4, 7] advocate performing attention on the CPU in KV
cache offloading systems, arguing that CPU-GPU transfer overhead
dominates GPU execution. We instead analyze why GPU-based
attention is preferable in our system, using the roofline model [39].

Figure 11 shows the roofline model for attention computation in
Llama 3 8B when all KV caches reside in CPU memory. When the
operational intensity falls below the threshold P, transferring data
to the GPU yields no benefit, as performance is bounded by the
CPU-GPU bandwidth roof. This is the regime assumed in prior stud-
ies. In contrast, our adaptive cache management in § 5 ensures that
at each decoding step, only out-of-cache critical KV entries—those
not already in the in-GPU cache—must be fetched from host mem-
ory. Empirically, over 90% of critical entries hit in the in-GPU cache
(see § 9), leaving only a small fraction to be transferred. Conse-
quently, the operational intensity remains above the threshold P,
enabling the GPU to sustain higher effective throughput than the
CPU and making it the preferable choice for attention computation.

7 Coordinated Multi-Tier KV Storage

While GPU and DRAM offer high-bandwidth access for KV caches,
their combined capacity quickly becomes insufficient under long
contexts or large batches. To extend capacity, prior work explores
offloading KV caches to SSDs [26]; yet directly treating SSD as a
slower extension of DRAM causes frequent high-latency transfers
and stalls during decoding. To address this limitation, KVDRIVE
designs a coordinated multi-tier KV storage system that enables
efficient collaboration across HBM, DRAM, and SSD. It integrates
three complementary techniques: importance-guided warm-up for
tier placement initialization, an SSD-aware layout for sequential
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Figure 12: The workflow of the coordinated multi-tier KV storage in KVDRIVE.

I/O locality, and a parallel sparse synchronization pipeline for low-
latency data movement during decoding.

7.1 Importance-Guided Warm-Up

At the end of the prefill phase, the model has already computed
the attention between the prompt’s final tokens and the entire
prefix. KVDRIVE exploits this information to estimate the long-term
importance of prefix KV entries before decoding begins. Inspired by
SnapKV [19], we assign importance scores to prefix tokens based on
the attention distribution produced by the queries in the prompt’s
final observation window.

The observation window refers to the last few tokens of the
prompt (typically 16-64 tokens). For each query within this window,
we compute its attention weights over all prefix keys and aggregate
them across heads and layers to obtain an importance profile of
prefix positions. This aggregated profile captures which KV entries
are most likely to be reused during decoding and directly guides
their initial placement across memory tiers.

According to this importance profile, all KV entries are first
persisted to SSD as the full backing store, while higher-ranked
entries are promoted to faster tiers: the entries with the highest
scores are placed in GPU HBM for immediate access; the subse-
quent highest-scoring entries—those that do not fit in HBM—are
offloaded to DRAM. This one-time, attention-informed warm-up
establishes a balanced starting point for decoding, significantly
reducing subsequent data migration across tiers. Unlike SnapKV,
which leverages observation windows for KV compression, our ap-
proach repurposes the same insight for tiered placement, enabling
coordinated HBM-DRAM-SSD management without compromis-
ing model accuracy.

7.2 SSD-Aware Layout Planning

When offloading KV entries to SSD, the data layout becomes a
critical determinant of I/O efficiency. Random accesses on SSDs
are costly, whereas sequential operations can achieve an order
of magnitude higher throughput. To align storage organization
with the temporal and structural access patterns observed during
decoding, KVDRIVE employs a two-level packing strategy.

We first define an extent as a contiguous SSD block that groups
multiple KV entries together. By packing entries into extents, the

system can transform fine-grained, irregular accesses into coarse-
grained sequential transfers, improving bandwidth utilization and
reducing access latency.

(1) Semantic-Contiguity Packing. KV entries that are fre-
quently attended together during decoding—such as tokens within
the same semantic chunk or attention cluster—are placed sequen-
tially within the same extent. This organization enables multiple
related entries to be retrieved through a single large I/O, minimizing
random-access overhead across non-contiguous regions.

(2) Layer-Head Partitioning. To further align with Trans-
former structure, extents are partitioned by layer and attention
head. Each {layer, head} pair is assigned to a dedicated SSD seg-
ment, and its extents are stored contiguously within that segment
to preserve structural locality.

By combining semantic-contiguity packing with layer-head par-
titioning, KVDRIVE reshapes inherently irregular KV access pat-
terns into predictable, high-throughput sequential I/O. This SSD-
aware layout design substantially reduces access latency and im-
proves end-to-end decoding efficiency, making SSD-based tiering
practical even for long-context and large-batch workloads.

7.3 Parallel Sparse Synchronization

Efficient data transfer across SSD, DRAM, and GPU HBM is essential
for sustaining decoding throughput under multi-tier offloading.
While SSD offers large capacity, its bandwidth is significantly lower
than that of DRAM, and frequent migrations can easily become the
new bottleneck. Figure 12 (right) compares four synchronization
strategies that progressively improve data movement efficiency.

(a) Naive Layer-wise Transfer. This follows FlexGen [27]: at
each decoding step, the KV cache of an entire layer is transferred
from SSD to HBM, using DRAM (via memmap) as a passive buffer.
Although simple, this design provides almost no reuse: when the
DRAM cache is smaller than the total KV footprint, subsequent
layer transfers overwrite previously cached data, causing redundant
1/O and frequent pipeline stalls as discussed in § 3.

(b) Block-level Sparse Fetching. Instead of migrating entire
layers, KVDRIVE transfers only the blocks (clusters) of KV entries
that are actually required by the current attention queries. This fine-
grained selection reduces redundant transfers and better matches
the sparsity patterns of attention. To avoid excessive random I/O,
multiple block requests are coalesced into extent-sized sequential
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reads with sufficient queue depth, ensuring high SSD throughput
and efficient utilization of the I/O pipeline.

(c) Hierarchical Transfer. To further reduce SSD latency and
overlap data preparation with computation, KVDRIVE adopts a hi-
erarchical staging pipeline. KV entries fetched from SSD are first
read into the DRAM-backed memmap region and then staged into
preallocated page-pinned buffers before GPU execution. This de-
sign serves two purposes: (i) it avoids repeatedly allocating pinned
memory by reusing a stable pool of pinned buffers, and (ii) it enables
asynchronous prefetching—KV entries can be read ahead during
the selection and pre-attention (QKV projection).

(d) Balanced Coordination. Finally, KVDRIVE balances the
benefits of pinned buffers and memmap caching. Pinned memory
provides high-bandwidth access, while the memmap region serves as
a large passive cache in DRAM. The allocation between these two
tiers is guided by offline profiling, prioritizing pinned memory for
layer-head KV entries exhibiting frequent stalls—patterns empiri-
cally correlated with page-fault-heavy areas in the memmap tier—and
keeping such regions permanently resident in pinned memory to
ensure stable high-bandwidth access throughout decoding.

Overall, this parallel sparse synchronization enables efficient
multi-tier coordination across HBM, DRAM, and SSD, sustaining
high GPU utilization under long-context and large-batch settings.

8 Implementation

We have implemented a fully functional prototype of KVDRIVE
comprising about 9,000 lines of Python, 1,000 lines of C++, and
3,000 lines of CUDA code. The system is built on PyTorch 2.3.0 and
Python 3.12, running on Ubuntu 22.04 with CUDA 12.1. To sup-
port large KV cache storage, KVDRIVE employs numpy . memmap for
memory-mapped arrays, enabling persistent and page-level access
to KV tensors directly on disk. Sparse updates and retrievals are
performed through torch.Tensor.index_copy_(). For cluster-
ing, we adopt the Triton kernels from Retrolnfer [6], while the data
movement primitives for gather and copy are derived from Shad-
owKV [28]. We also leverage FlashInfer [36] for high-performance
GPU kernels (such as attention and normalization) optimized for
LLM inference. Crucially, our implementation fully supports paral-
lel sessions via continuous batching, a technique widely adopted in
modern serving systems like Orca [37] and vLLM [16]. To ensure
fair comparisons, all baseline systems mentioned in § 9 have been
reimplemented and integrated into our unified evaluation frame-
work to ensure consistent configurations and fair comparisons. In
addition, all long-context models employ the official RoPE imple-
mentations provided by the huggingface’s transformers frame-
work (e.g., YaRN for Qwen models and LongRoPE for Phi models)
to ensure compatibility and consistency across baselines.

9 Experiment

9.1 Experimental Setup

Models. For evaluation, we select four widely used open-source
LLMs with strong long-context capabilities: Llama-3-8B-1048k [2]
(8B parameters, 1M-token context window), Qwen3-8B and Qwen3-
14B [33] (128K-token context window), and Microsoft Phi-4-mini-
instruct [1] (3.8B parameters, 128K-token context window). These
models collectively cover a broad spectrum of parameter scales and
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context lengths, providing a representative basis for evaluating the
effectiveness of KVDRIVE and the baselines.

Benchmarks. We evaluate KVDRIVE on two widely-used long-
context benchmarks: LongBench [3], a bilingual dataset for long-
context understanding, and RULER [13], which covers retrieval,
multi-hop reasoning, aggregation, and QA tasks.

Baselines. We compare KVDRIVE with eight KV cache offloading
systems: Quest [29], ShadowKV [28], RetroInfer [6], PQCache [40],
MagicPIG [7] and FlexGen [27], which adopts a full-cache strategy
by repeatedly loading and evicting KV entries between GPU and
host memory during attention computation. Additionally, we also
include two reference configurations: Retrolnfer(E), a variant of
Retrolnfer with attention estimation enabled, and Original, a base-
line that maintains the entire KV cache in GPU memory without
offloading. For all systems except FlexGen, we use exact prefilling
followed by dynamic sparse attention in the decoding phase. For
ShadowKV, we follow a setting from its original paper, i.e., the
chunk size is 8 and the number of outliers is 48. For Retrolnfer, for
fair comparison, we disable its attention estimation mechanism.
Following common practice in existing systems [7, 31], all systems
retain sink tokens (the first 4 tokens) and 64 local tokens in the GPU
memory for every sparse attention, as these tokens consistently
carry high importance.

Hardware Setting. We conduct experiments on three representa-
tive hardware environments covering different deployment tiers:
1) Cost-efficient server: equipped with an NVIDIA L20 (48 GB)
GPU, Intel(R) Xeon(R) Platinum 8457C CPU, and 100 GB DDR5
host memory. This configuration represents a practical inference-
oriented data-center node with moderate GPU memory and high
PClIe bandwidth. 2) High-end server: featuring an NVIDIA H20
(96 GB) GPU, AMD EPYC 9K84 96-Core Processor, and 200 GB
DDR5 host memory. It reflects a compute-rich environment typical
of enterprise or cloud-scale deployments with larger GPU memory
and stronger host-side compute. 3) Workstation: powered by an
NVIDIA RTX 4090 (24 GB) GPU, Intel(R) Xeon(R) Gold 6430 CPU,
and 120 GB DDR5 host memory. This setup models a resource-
constrained local inference scenario representative of edge or on-
premise deployments. The disks in the system are NVMe U.2 SSDs.

9.2 Overall Improvement

Figure 13 shows the generation throughput (tokens/s) of different
systems under varying batch sizes and context lengths on Llama-3-
8B-1048K, Qwen3-8B and Phi-4-Mini-128K in the L20 server. KV-
DRIVE consistently achieves the highest throughput across all set-
tings. In particular, compared to ShadowKV—the strongest base-
line—KVDRIVE delivers up to 70% higher throughput, thanks to
its elastic pipeline scheduling and cache management. However,
not all systems demonstrate the capability to handle the challenges
posed by our experimental setup. For instance, Retrolnfer fails to
initialize due to its dependence on a massive pre-computed in-
dex structure. The memory requirements for storing this index in
long-context models exceed the available GPU memory, leading
to immediate out-of-memory (OOM) errors. Similarly, Quest also
encounters OOM failures under heavy workloads. Its architecture,
which combines an indexing mechanism with a large KV cache
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Figure 13: Generation throughput (tokens/s) under varying context lengths and batch sizes in the L20 server. The experiments
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use batch sizes of 8, 4, 4, 2 and 2 for context lengths of 60k, 90k, 120k, 240k and 360k, respectively.

Table 2: Performance comparison of different models and methods on RULER and LongBench.

| RULER LongBench
Model  Method | SI  S2  S3 MKI MK2 MK3 MQ MV QA1 QA2 VI FWE CWE Avg |NOA MQA HQA MQue DRead Grep SAM PRer LCC Avg
Full 100 100 100 98.95 97.91 43.75 98.95 96.35 75.00 4895 7812 7256 0.20 77.74 | 1898 4184 36.79 2147 3193 3418 3596 815 56.07 39.85
LLama-3 Quest 100 100 100 98.86 8542 21.90 97.92 9549 70.83 46.88 7875 65.63 031 7399 |17.26 39.51 36.78 1871 26.41 2949 358 79.5 60.05 38.17
8B ShadowKV | 100 100 100 9791 98.95 3229 96.09 9583 71.87 52.08 827 7256 0.10 76.95|17.17 39.73 3829 21.08 3177 31.62 3587 80 63.93  39.94
ossx Retrolnfer [ 100 100 100 9895 9375 3750 9739 9166 7395 5000 7854 6385 010 7582|1907 4135 3759 1971 2736 3376 4303 8050 5077 39.24
Retrolnfer(E) | 100 100 100 9895 96.87 41.66 97.91 90.62 73.95 4895 76.25 73.61 0.10 76.83 | 18.56 42.55 36.89 20.29 27.53 3325 4299 80.00 4538 38.60
PQCache 85.40 94.80 94.80 92.70 85.41 3437 9583 95.05 59.37 43.80 58.12 63.54 0.22 69.49 | 19.13 40.99 36.30 20.65 26.21 31.77 41.56 80.50 44.92 38.00
MagicPIG | 100 9583 9479 8646 8§7.50 2396 7865 7396 6146 4479 6146 6910 0.0 67.54 | 1783 4095 37.09 2113 23.81 28.98 4176 80.00 4355 37.23
Full 100 100 100 79.16 6250 1354 9557 9600 5937 3220 95.83 8333 4354 7394 | 353 2460 1139 639 1997 2582 4445 8508 65.86 31.89
Quest 100 9895 9895 8333 4479 1.04 9140 9791 41.66 3540 97.29 75.00 2291 6835 | 293 2536 1096 593 20.74 27.83 4588 8579 69.67 32.79
Qwen-3 ShadowKV | 100 9895 100 83.33 3854 2.08 8932 9348 4583 31.25 92.08 75.69 2093 67.03 | 293 2351 10.09 6.30 19.49 27.28 4537 86.28 69.03 32.39
-8B Retrolnfer | 100 9690 98.95 7395 5208 208 0140 8540 3437 2187 9770 7465 3697 66.64 | 293 2620 1108 582 1986 27.63 46.87 8733 6842 3282
Retrolnfer(E) | 100 94.79 98.95 75.00 51.04 3.12 90.62 85.67 66.66 46.87 87.91 77.08 16.35 68.77 | 3.57 2543 11.11 6.27 19.85 27.49 4581 86.29 67.98 32.64
PQCache 65.62 79.16 84.37 77.08 30.20 1.04 8828 93.22 38.54 31.25 8270 7256 20.62 5881 | 3.51 2556 11.42 585 22.57 27.21 46.06 76.45 70.04 32.08
MagicPIG 100 83.33 79.16 68.75 34.37 0 66.14 80.20 27.08 21.87 29.58 75.00 4.37 51.52 | 2.88 18.63 10.23 5.30 17.81 1875 39.06 96.73 56.97 29.59
Full 100 97.91 98.95 83.33 64.58 4.16 81.51 76.04 51.04 3854 7395 68.05 3.02 64.69 | 26.12 5548 53.11 28.94 29.78 34.09 4436 91.00 54.24 46.34
Phi-4 Quest 100 93.75 79.16 75.00 55.20 0 76.30 72.65 4583 3854 81.66 54.16 2.08 59.57 | 25.69 52.88 52.83 29.24 2931 3394 4513 9150 56.19 46.30
Mini ShadowKV | 100 95.83 68.75 79.16 53.12 1.04 69.53 62.50 46.87 37.50 79.16 61.80 156 58.21 | 25.69 52.63 52.89 29.49 29.92 33.06 4541 92.00 56.99 46.45
128K RetroInfer 100 94.79 93.75 78.12 54.16 0 72.39 5442 50.00 36.45 81.45 5451 1.66 59.36 | 25.69 53.18 5293 28.54 3145 3343 4586 91.50 56.13 46.52
Retrolnfer(E) | 97.91 73.95 94.79 54.16 37.50 0 47.39 36.71 30.20 31.25 65.62 56.94 145 4829|2633 48.09 4649 2436 29.02 31.36 42.06 91.50 43.24 42.49
PQCache 3541 312 208 625 6.25 0 416 625 19.79 26.04 3812 5798 041 15.83|26.14 47.60 4523 21.13 2898 29.34 4136 91.00 40.55 41.25
MagicPIG 50  14.58 0 9.37  16.66 0 286 156 20.83 29.16 19.79 47.56 0.52 16.09 | 22.86 37.96 43.11 20.41 17.55 15.19 35.28 88.02 32.59 34.77
design requires the entire KV cache to be loaded from off-chip
=g EBRorni b =g B oo B Hagiols storage at every generation step. This I/O-bound approach results
BN Quest B Retrolnfer(E) B KVDrive (Ours) BN Quest. B Retrolnfer(E) B KVDrive (Ours)

Tokens/s
Tokens/s

90k
Context Length

60k 90K
Context Length

(b) Phi-4-Mini-128K in RTX4090

(a) Qwen-3-14B in H20

Figure 14: Generation throughput (tokens/s) under varying
batch sizes and context lengths.

footprint, imposes substantial memory pressure, saturating device
memory and rendering it incapable of completing our test scenarios.

Among the systems that successfully initialized, FlexGen exhibits
extremely poor performance in practical scenarios. While it avoids
OOM errors by offloading data to host memory and storage, its
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in severe latency issues, with throughput dropping to less than 1
token/s. Such performance renders FlexGen impractical for real-
world applications, particularly latency-sensitive tasks.

In contrast, KVDRIVE showcase robust and consistent perfor-
mance across all evaluated hardware configurations. On the H20
and 4090 servers, it achieves throughput improvements ranging
from 1.23X to 1.53X over the strongest baseline. These results un-
derscore the efficiency and scalability of KVDRIVE, particularly
in scenarios requiring high throughput for both long-context and
large-batch inference. Its ability to maintain superior performance
under diverse hardware and workload conditions further validates
the versatility and robustness of its design.

9.3 Micro Benchmark

Accuracy. We first examine whether the system-level optimiza-
tions in KVDRIVE compromise model accuracy. Table 2 reports the
results on both RULER and LongBench. Across all tasks, KVDRIVE
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Table 3: Effectiveness of the Lookahead (LA) eviction policy
across different systems.

Method | Llama3-8B | Qwen-3-8B | Phi-4-mini-128K

| LRU(%) LA(%) Imp.(%)|LRU(%) LA(%) Imp.(%)|LRU(%) LA(%) Imp.(%)
Quest 892 901  +09 | 897 910  +13 | 907 89  -18
Shadowkv | 84.2 87.3 +2.9 81.0 83.2 +2.2 86.1 84.6 -1.5
Retro 807 820 +13 | 700 739 439 | 783 801  +1.9
Kvdrive 800 815 +15 | 775 790 +15 | 780 810  +3.0
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Figure 15: Impact of 2D window scaling on data transfer
volume across different window sizes and models.

achieves accuracy that is on par with or even slightly better than
state-of-the-art offloading systems such as Quest, ShadowKV, and
InfiniGen. This demonstrates that our indexing and retrieval design
in § 4 introduces negligible accuracy loss, even under long-context
(up to 128K tokens). The results confirm that the gains of KVDRIVE
primarily stem from improved cache management and scheduling,
rather than trading accuracy for efficiency.

Generality of Eviction Policy. Table 3 evaluates the generality of
our Lookahead (LA) eviction policy by applying it to four different
systems: Quest, ShadowKV, Retro, and KVDRIVE. The experiments
are conducted with a 120K context length, window size of 2, spar-
sity budget of 2048, and a look-ahead candidate pool M = 2560. As
shown in the table, the LA strategy demonstrates broad applicabil-
ity, outperforming the traditional LRU baseline in the majority of
configurations. Specifically, on Llama3-8B and Qwen-3-8B, the LA
policy consistently boosts hit rates across all evaluated methods,
achieving gains ranging from 0.9% to 3.9%. This indicates that iden-
tifying eviction candidates based on attention scores (as detailed in
§5.1) is a robust approach for various system architectures. While
Quest achieves marginally higher hit rates with both policies, it
incurs significant overhead: its index size is over 4x larger than
that of KVDRIVE and 2x larger than ShadowKV. In contrast, KV-
Drive with the LA policy achieves a comparable hit rate while
maintaining a significantly smaller memory footprint.

2D Window Scaling. Figure 15 reports the ablation results of
our 2D window scaling strategy for Llama-3-8B-1048k, Phi-4-Mini-
128K, and Qwen-3-8B in § 5.2. Under a constrained GPU memory
budget, 2D scaling results in reduced data transfer compared to
uniform window allocation. This indicates that heterogeneous reuse
patterns across layers and attention heads can effectively improve
the GPU cache utilization and avoid the waste of GPU cache.

Window Size. Figure 16 depicts the latency breakdown of a single
Transformer layer under a 1.56% sparsity budget. We evaluate the
performance by sweeping window sizes through {2, 3, 4} across
context lengths of 60k and 120k, and batch sizes of 1 and 4. As
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Figure 16: Time breakdown of KVDrive under different win-
dow sizes and models under a sparsity budget of 1.56%.

the window size increases, the reduction in data transfer volume
alleviates I/O overhead; however, this benefit is offset by increased
lookup latency. This trade-off necessitates a careful balance between
I/0O efficiency and lookup overhead. Specifically, with a batch size
of 1, smaller window sizes (e.g., 2) generally yield lower latency.
This is attributed to the surge in lookup time as cache capacity
expands, while I/O bandwidth remains underutilized. Conversely,
at a batch size of 4, larger window sizes (e.g., 4) prove more effective,
primarily due to the reduced demand on I/O bandwidth. These
results underscore the critical role of window size selection in
maximizing throughput. Furthermore, as the batch size scales from
1 to 4, the latency contribution from non-FFN modules—including
selection, lookup, attention, and I/O—increases significantly. This
shift indicates that non-FFN components emerge as the dominant
bottleneck at larger batch sizes, highlighting the imperative to
optimize these modules for scalability.

Chunk size. Figure 17 dispicts the latency breakdown of a single
Transformer layer under a 1.56% sparsity budget. We evaluate per-
formance across context lengths of 60k and 120k, sweeping chunk
sizes through {1, 4, 8}. Notably, we observe a distinct U-shaped
trend in both overall latency and specific I/O latency as the chunk
size increases. This behavior reflects a fundamental trade-off be-
tween semantic continuity and data redundancy. With small chunk
sizes (e.g., 1), data is processed in fragmented units, necessitating
frequent memory accesses that inflate I/O overhead. Conversely,
excessively large chunk sizes (e.g., 8) introduce redundant infor-
mation, which increases the data transfer volume and negates the
benefits of reduced access frequency. An intermediate chunk size
(e.g., 4) strikes an optimal balance, preserving sufficient semantic
continuity while minimizing redundancy, thereby achieving the
lowest I/O cost.

Number of Centroids. Figure 18 decomposes the latency of execut-
ing a single Transformer layer. We evaluate the performance across
context lengths of 60k and 120k, sweeping the number of centroids
through {2,048, 4,096, 8,192} under a fixed 1.56% sparsity budget.
We observe a consistent relationship between context size and the

1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276



1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295
1296
1297
1298
1299
1300
1301
1302
1303
1304
1305
1306
1307
1308
1309
1310
1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334

Conference acronym °XX, June 03-05, 2018, Woodstock, NY

= Sel. [ZFlookup [EN110 N Attn. EEN Evict EEEFFN

01

0e
06
08
= 05 06
Eos
£ 04
Eo 03
02
o0 02
01
T ] 1 & 1 &

Chunk Size

Chunk Size Chunk Size

Llama-3-8B-1048K (120k, BS=1)

08 o8 08
o 05 06
04
04 03 4
02
02
01
T ] ] 2 1 ]

T
Chunk Size

Phi-4-Mini-128K (120k, BS=1) Qwen-3-8B (120k, BS=1)

Time (ms)

Chunk Size Chunk Size

Llama-3-8B-1048K (60k, BS=1) Phi-4-Mini-128K (60k, BS=1) Qwen-3-8B (60k, BS=1)

Figure 17: Time breakdown of KVDrive under different
chunk sizes under a sparsity budget of 1.56%.
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Figure 18: Time breakdown of KVDrive under different cen-
troids under a sparsity budget of 1.56%.

optimal number of centroids: specifically, 8,192 centroids yield the
best performance for the 120k context, while 4,096 centroids are
optimal for 60k. This suggests that the optimal ratio of context
length to centroids remains constant. While increasing the num-
ber of centroids incurs higher selection latency due to the added
computational complexity of clustering, this overhead is effectively
mitigated by significant reductions in I/O and lookup times. Higher
centroids count facilitate finer-grained clustering, which distributes
data more evenly across clusters. This improved load balance re-
duces synchronization overhead and enhances data locality, thereby
lowering the latency of memory-bound components.

Impact of Centroid Reduction. Figure 19 examines the accuracy of
KVDRrIVE under varying numbers of centroids for tasks such as QA-
2, Variable Tracking, and Frequent Words Extraction. The results
demonstrate that accuracy remains consistent regardless of the
number of centroids, highlighting the robustness of the clustering
approach. Notably, reducing the number of centroids from 8192
to 2048 achieves a 4X reduction in index size without any loss
in precision. This observation underscores the effectiveness of the
clustering mechanism in preserving the semantic structure required
for accurate task performance, even with fewer centroids. The
reduction in index size directly translates to lower memory and
storage overhead, improving the overall efficiency of the method.

Memory Layout. With a batch size of 8 and a context length of
120k, Figure 20 evaluates the GPU memory usage of various sys-
tems across three models: Llama-3-8B-1048K, Qwen-3-14B, and
Phi-4-Mini-128K. Among the evaluated systems, KVDRIVE exhibits

12

Anon.

=3 Centroids=2048  [Z5A Centroids=4096  [E5N Centroids=8192

80
60
40
20 20 H
0 0
QA-2 vT FWE QA-2 vT FWE - VT

Task Task Task
Phi-4-Mini-128K

Llama-3-8B-1048K Qwen-3-8B

Figure 19: Accuracy under varying centroids and tasks.
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Figure 20: Memory layout under varying models.

significantly lower GPU memory usage compared to ShadowKV and
Quest. This result primarily attributed to its sparse and efficient
indexing mechanism. Conversely, ShadowKV incurs substantial
memory overhead due to its reliance on compressed key storage,
which is entirely resident in GPU memory and imposes significant
cost. FlexGen achieves the lowest GPU memory utilization by avoid-
ing in-memory storage of indexes. However, this design comes at
the expense of performance: FlexGen must reload the entire KV
cache for a layer at every generation step, introducing severe I/O
bottlenecks and extreme latency. In contrast, KVDRIVE’s memory
footprint, while slightly higher than that of FlexGen, avoids these
I/O penalties through its efficient caching and sparse indexing
strategies. Moreover, as the window size increases (e.g., from 1 to 2),
KVDRIVE maintains lower GPU memory usage compared to Quest
and ShadowKYV, while significantly alleviating I/O pressure.

DRAM-Only VS DRAM + SSD. Figure 21 compares the perfor-
mance of FlexGen and our approach under various configurations
for the Llama-3-8B-1048K model, focusing on fetching time and
throughput. As shown in Figure 21a, our Blockwise Transfer strat-
egy delivers substantial performance improvements over FlexGen.
By sparsely fetching only the required blocks on demand, our ap-
proach significantly reduces fetching overhead compared to Flex-
Gen’s full-layer loading mechanism. Moreover, the Hierarchical
strategy with asynchronous fetching further minimizes latency
by enabling more efficient lookups and data access. Additionally,
the incorporation of a prefill warmup stage, which identifies crit-
ical KV cache entries during the final prefill phase, further opti-
mizes fetching time by prioritizing high-value cache components.
Figure 21b demonstrates that our approach achieves significantly
higher throughput than FlexGen across all configurations. Notably,
when using SSD as a component of the storage hierarchy, KVDRIVE
sustains high throughput with only a 40% reduction compared to
the DRAM-only configuration, while supporting larger batch sizes.

Prefill Latency. Figure 22 evaluates the prefill latency of Llama-3-
8B-1048K. KVDrive matches the performance of the full-attention
baseline (Original) across all context lengths, indicating that its
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Figure 21: Performance comparison in DRAM-Only and
DRAM + SSD.

E0riginal BSMQuest  EEERetrolnfer  ESSIPQCache EEEIKVDrive (Ours)
R Flexgen I ShadowKV BB Retrolnfer(E) [ MagicPIG

60k 120k
Context Length

Figure 22: Prefill latency (s) under different context lengths.
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Figure 23: Cost-efficiency analysis on Llama-3-8B-1048K.

index construction and offloading incur negligible overhead. This
efficiency is attributed to the low computational cost of our K-
Means clustering—which is asymptotically superior to the qua-
dratic self-attention—and the effective masking of offloading traffic
via computation-communication overlapping. In comparison, Mag-
icPIG and ShadowKYV exhibit higher latencies due to specific bottle-
necks: MagicPIG is limited by large LSH table construction, while
ShadowKYV incurs extra costs from low-rank key decomposition.

Cost-Efficiency Analysis. To demonstrate the economic advan-
tages of our design, Figure 23 compares the Llama-3-8B-1048K infer-
ence performance on two hardware tiers: a high-end NVIDIA H20
(96 GB HBM) using standard in-memory serving, and a consumer-
grade NVIDIA RTX 4090 (24 GB HBM) powered by KVDrIVE. Fig-
ure 23a shows that KVDRIVE reduces the memory footprint by
approximately 4x through effective sparse offloading, whereas the
H20 baseline approaches memory saturation even with its larger
capacity. By breaking the memory wall, KVDRIVE enables the RTX
4090 to achieve up to 3 higher throughput than the H20 baseline
(Figure 23b). This result proves that with an optimized storage hi-
erarchy, consumer hardware can effectively service long-context
workloads that were previously limited to enterprise-grade GPUs.
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Figure 24: Generation throughput (tokens/s) under different
batch sizes.

Batch Size. Figure 24 presents the generation throughput of KV-
Drive with different batch sizes, evaluated across multiple models
and context lengths. As shown, the system maintains a robust
upward trend in throughput as batch size scales. This efficiency
stems from our execution mechanism, which overlaps I/O and
CPU-side pre-processing with GPU-side computation across micro-
batches. By interleaving these distinct operations, KVDRIVE effec-
tively hides data movement overheads and maximizes GPU uti-
lization, thereby supporting larger batch sizes without significant
performance degradation.

10 Conclusion

We present KVDRIVE, a holistic multi-tier KV cache management
system for long-context LLM inference. KVDRIVE introduces three
system-level techniques: attention-based in-GPU cache manage-
ment with sliding-window reuse and lookahead eviction, elastic
pipeline scheduling that overlaps selection, fetching, and computa-
tion with minimized stalls, and coordinated multi-tier KV storage.
Our evaluation shows that KVDRIVE improves throughput by 1.74x
over state-of-the-art offloading systems, while preserving accuracy.
These results demonstrate the effectiveness of system-level cache
and pipeline co-design in enabling efficient long-context inference
under tight GPU budgets.

11 Future Work

Building on KVDRIVE, our future research will focus on three key
directions. First, we aim to extend our holistic management to
multimodal models, which present distinct KV cache access pat-
terns compared to text-only LLMs. Second, we plan to investigate
Processing-in-Memory hardware to offload selection and partial
computation directly into storage tiers, further mitigating data
movement bottlenecks. Finally, we plan to explore the synergy be-
tween KVDRIVE and compression techniques, such as quantization
and pruning. We envision a Tiered Mixed-Precision Storage scheme
that leverages KVDRIVE’s ability to distinguish hot and cold KV
blocks and assigns precision adaptively across tiers: maintaining
high precision (e.g., FP16) for latency-critical hot blocks in HBM,
while applying more aggressive quantization (e.g., INT4) to cold
blocks spilled to SSD. This design trades modest (de)quantization
overhead for higher effective I/O bandwidth and storage capacity,
aiming to alleviate the I/O bottleneck in massive-context retrieval
while preserving end-to-end generation quality.
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