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Abstract

Key-Value (KV)-cache makes Large Language Model (LLM) inference practical. By storing the key
and value vectors that models produce for already-processed tokens, inference serving engines reduce the
time of processing a context from quadratic to linear. KV-cache growth rate is high, and it cannot fit in the
GPU memory. A single 128K-token context on Llama-3.1-70B requires roughly 30 GB of KV-cache, so
with a number of concurrent clients, KV-cache exhausts the High Bandwidth Memory (HBM) of a single
GPU. Inference engines therefore offload KV-cache data from HBM to external storage systems such as
CPU DRAM, local SSDs, or remote storage, and restore it when needed by the model. Since the model
reads KV-cache data in place, all data required by the model must be resident in GPU memory before
processing. The time required to move this data is governed by the storage tier in which it resides, the
available interconnect bandwidth, and input traffic patterns. When restoration is slow enough, recomputing
the key and value vectors on the GPU is faster and produces identical output. Which of the two is better
is not trivial to determine, as it depends on the GPU, the storage hierarchy, the context length, the cache-
hit ratio, and the applicable service-level objectives (SLOs). This work characterizes that trade-off as an
I/O problem. By studying where I/O becomes a bottleneck in the system, it identifies restoration as the
only KV-cache operation on the critical path. It then measures restoration cost against recomputation on
GPUs spanning the performance range. Finally, it reduces the KV-cache storage stack to a performance
model based on per-tier capacity, per-tier and interconnect bandwidth, and GPU arithmetic throughput to
identify optimization opportunities for KV-cache management. Using our performance model, evaluated
across 1,764 hardware configurations, our study shows that hardware selection alone can change restoration
time by two to three orders of magnitude at a fixed context length. Moreover, the recomputation curves of
nearly every GPU examined intersect the restoration-time distribution, meaning that the restoration-versus-
recomputation trade-off is nontrivial and becomes even more complex under different SLOs. To optimize
KV-cache management in these complex scenarios, our model reveals one key opportunity: dividing a restore
request proportionally between the storage path and the GPU can improve inference performance while still
meeting SLOs. Across six GPUs and a sweep of cache-hit ratios it raises the fraction of configurations
meeting objectives by 2-10x over always-restore and always-recompute. Future work implements this
division as a KV-cache management mechanism inside a production-grade serving system and extends the
model beyond its assumptions to cover contention and admission control, hierarchies deeper than limited
paths, and distributed deployments in which KV-cache data is shared across nodes.

Keywords: LLLM inference, KV-cache management, storage hierarchy, tiered caching, I/O characterization,
performance modeling, restore-versus-recompute.
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Chapter 1

Introduction

Large Language Model (LLM) inference is a rapidly growing workload [35]. By inference we mean the act of
serving a trained model, turning a user’s input into generated output. As of 2026, LLMs have been deployed
in a wide range of applications, including search engines, chatbots, coding assistants, and multi-step agents
that call tools and each other [57,63,71]. The increasing demand for LLMs has led to the development of
new models with longer context windows, which is the maximum amount of input text a model can take
into account at once. As a result, models are now able to process and generate output based on much larger
input sequences [9,21]. Longer contexts enable classes of application that shorter ones cannot support.
Without them, a coding assistant could not see a whole repository, a retrieval-augmented application could
not inline the documents it retrieves as evidence, and an agent could not carry a conversation across hours of
interaction.

1.1 LLM Inference

The unit of computation in LLM inference is called a foken, which is a small piece of text, such as a word
or a subword. Internally, LLM inference relies on large matrix multiplications to generate new tokens based
on the input tokens. The inference process involves two main phases. In the first phase, also known as the
prefill phase, the model takes the input tokens and identifies their meaning and context, using a mechanism
called attention. To compute attention, the model converts the input tokens into a vector representation and
multiplies those vectors by the model’s weights (i.e., the parameters learned during training) to generate a
set of vectors called key and value vectors. These vectors represent the attention information of each token
for the model. Therefore, processing takes longer for models with more weights and more layers, and for
requests with longer contexts. After the prefill phase, the model enters the second phase, known as the
decoding phase. In this phase, the model generates output tokens one at a time, based on the input tokens
and the previously generated output tokens. Because the model needs access to the attention information
of every previous token to generate the next one, the naive algorithm scales quadratically with the number
of tokens in the context [62]. These computations are therefore time-consuming and are typically executed
on GPU accelerators. Despite the high computational throughput of GPUs, when LLMs are used for long-
context inference, the time to process a request remains high. For example, the NVIDIA H200 GPU requires
18 seconds to start generating output for a 128K-token context using Llama-3.1-70B [9,21]. Beyond the
high latency, long-context inference also consumes a significant amount of GPU time and memory, which
leads to resource contention and increased costs when many users share an accelerator.



1.2 KV-cache

The standard remedy for this quadratic cost is to cache the intermediate results rather than recompute them [8,
11,51,67,68,70,71,81]. 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 holds the key and value vectors produced by the transformer
attention layers for tokens the model has already processed [45, 60]. The key and value vectors are stored
together and reused by later attention computations, which avoids redundant recomputation. A KV-cache
thus reduces the computational cost of extending a context from O(N?) to O(N), because the vectors for
prior tokens are retrieved from the cache rather than recomputed. With KV-cache reuse enabled, an H200
produces the first token for a 128K-token context in under 2 seconds [25], roughly a 9x reduction from
the 18 seconds it needs without reuse. Traditionally, KV-cache data resides in the GPU’s High Bandwidth
Memory (HBM) [2,32,49,78], which is the fast memory physically attached to the accelerator. With many
users and longer context lengths, KV-cache data quickly exceeds GPU memory. For instance, a 128K-token
context on Llama-3.1-70B requires roughly 30GB of KV-cache; with only 10 concurrent users, demand
exceeds 300GB, far beyond the HBM capacity of a single GPU (i.e., an H200 GPU has 141GB of HBM).
Moreover, a significant portion of GPU memory must be reserved for model weights, which grow with every
model generation, further reducing the space available for KV-cache data. To address this limitation, K'V-
cache offloading to multi-tier storage has emerged as a key solution [7, 10, 13,39,52,55,67,76]. A storage
tier is one level of a memory or storage hierarchy, characterized by its capacity, its bandwidth (i.e., the rate
at which it can deliver data), and its cost per byte. Tiers are ordered so that each successive level is larger,
slower, and cheaper than the one above it. For an inference server they run from GPU HBM, through CPU
DRAM, to local storage devices such as SSDs, and finally to remote storage such as an object store. KV-
cache Offloading is the practice of moving KV-cache data that does not fit in HBM down this hierarchy, and
bringing it back when the model needs it again.

Offloading is effective because of the way inference services are used. An inference engine serves many
users, or agents, concurrently. Each user creates a session, which is a conversation whose accumulated
tokens form the context of every subsequent request within it. A session that has gone idle still owns KV-
cache data, but nothing is reading that data, and the HBM it occupies is worth more to an active user. The
cache system therefore evicts it, copying the data to a lower tier and freeing the space. When the idle user
eventually returns, that data has to be brought back into HBM before the request can be processed. We call
this operation restoration.

Mechanically, the inference engine and the cache system are separate components joined by a connector,
a plug-in interface through which the engine requests KV-cache data without needing to know which tier
currently holds it [52,61]. The cache system maintains metadata recording, for each piece of KV-cache data,
which tier it resides in. That data is not managed as one contiguous buffer per request, but in fixed-size
blocks, each holding the key and value vectors for a fixed number of consecutive tokens [32].

Two properties of this arrangement determine the cost of restoration. First, every tier below HBM is
reached across a shared interconnect (e.g., a PCle link between the CPU and the GPU), so the bandwidth a tier
can actually deliver is the lesser of the device’s own bandwidth and that of the link. Second, restoration grows
both more frequent and more expensive as a deployment becomes busier: as the number of users and the
length of their sessions increase, more KV-cache data is evicted, it is evicted further down the hierarchy, and a
larger fraction of a returning session’s context must be fetched from the slowest tier. Restoration is therefore
not a cold-start cost that amortizes away. In a loaded system it is the common case, and its cost increases
with load. Restoring evicted data is not, however, the only way to make it available again. Because a token’s
key and value vectors are a deterministic function of the tokens that precede it, the GPU can recompute them
from the request’s input, exactly as it did during the original prefill. The cache system therefore has two
ways to obtain the same vectors, and the choice between them is the subject of the remainder of this report.



1.3 To Restore or To Recompute

Restoration and recomputation are interchangeable in one important respect: they produce the same key and
value vectors, and therefore the same model output. They differ only in what resource they consume and
how long they take. Restoration consumes storage bandwidth and interconnect bandwidth; recomputation
consumes GPU compute cycles. Depending on which tier holds the required data and on the hardware char-
acteristics of the deployment, recomputing keys and values for a request can be faster than retrieving them
from KV-cache storage. The cache system must therefore decide when to restore and when to recompute.

Fixing that decision once, at deployment time, is insufficient for three reasons. First, KV-cache offloading
involves many hardware components, including interconnect links, storage devices, and memory tiers, whose
combinations form a large configuration space. Choosing restoration and recomputation thresholds generally
requires deployment-specific benchmarking [5, 27,28, 53], which is time-consuming, expensive, and easily
invalidated when the workload or the hardware changes [1]. The size of that space makes it hard to design a
single static solution that generalizes across deployments [15,16]. Second, the correct decision changes while
the system runs: access patterns evolve, data distributions are unpredictable, and service-level objectives
(SLOs) vary between tenants and over time. An SLO is a target that a service commits to meeting, such as a
bound on request latency. Finally, neither extreme policy performs well. Always restoring makes the storage
device the bottleneck and inflates tail latency once the retained KV-cache data spills to disk. Tail latency
is the latency seen by the slowest requests, which we measure at the 95" percentile. Always recomputing
wastes a cache that was expensive to populate, and saturates the GPU, the most expensive resource in the
deployment.

This work treats the decision as an I/O problem and characterizes it in three steps. It first measures where
I/0 time is spent during long-context inference and which cache operation gates request latency. It then
reduces the KV-cache storage stack to a performance model, which allows the restoration and recomputation
costs to be compared over a catalog of hardware rather than over the machines available for measurement.
The model makes one improvement visible: because the two paths use independent resources and can run
concurrently, a restore request can be divided between them rather than assigned to one, and the division that
equalizes their completion times is computable at runtime from observed throughputs and checkable against
explicit objectives. That division is derived and evaluated in simulation in this report; implementing it inside
a production-grade serving system is stated as future work.



Chapter 2

Background

This chapter collects the material the rest of the report assumes. We begin with the attention mechanism,
which produces KV-cache data and determines its structure (Section 2.1). We then describe the two phases
of inference and the metrics used to talk about them (Section 2.2), explain how inference engines manage
KV-cache data in fixed-size pages (Section 2.3), and use that unit to quantify how large the data becomes
(Section 2.4). Sections 2.5 and 2.6 close the chapter with KV-cache reuse and KV-cache offloading.

2.1 Origin of KV-cache

An LLM is built from a stack of identical layers, each of which computes attention, a weighted combination
in which every token draws information from the other tokens in the context. Each layer divides this work
among several attention heads that run in parallel, each looking at a different aspect of the input. Within a
head, every token is multiplied by three sets of learned weights, producing three vectors for that token: a
query, a key, and a value. For a request of N tokens, the head then compares every query against every key,
which is an N x N comparison:

T

Attention(Q, K, V) = softmax ( QK
vy
where Q, K, and V stack the query, key, and value vectors of all N tokens, dy, is the head dimension, and
M is a causal mask that prevents a token from drawing on tokens that follow it. Equation 2.1 has two
consequences. First, the N x N comparison means that a full pass over an N-token context costs O(N?)
work. This is the source of the quadratic growth in prefill time noted in Chapter 1. Second, the causal mask
means that a token’s key and value vectors depend only on that token and the ones before it, so they do not
change when later tokens are appended. This is what makes them cacheable: once computed, they remain
valid for the rest of the request, and for any other request that begins with the same tokens. Query vectors,
by contrast, are consumed immediately and never stored, which is why the cache is a KV-cache and not a
OKV-cache [21,45,60].

+/\/l> v, @1

2.2 Inference Metrics

Serving a request proceeds in two phases with different resource profiles. Prefill processes the entire input
context in one pass. All N input tokens are available simultaneously, so a layer can process them together
as one large multiplication. Prefill is compute-bound, meaning its speed is limited by how fast the GPU
can perform arithmetic. It is also where the O(IN?) term lives, and it is the phase whose latency the user
experiences as delay before the first word appears. Decode generates output tokens one at a time. Each step
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processes a single new token, which attends over every key and value produced so far. Decode is memory-
bandwidth bound, meaning its speed is limited by how fast the model weights and the KV-cache can be
streamed to the compute units rather than by the arithmetic itself. The two phases are usually described
with three metrics. Time-to-first-token (TTFT) is the interval between request arrival and the first output
token, and is therefore essentially prefill latency plus queueing. Time-per-output-token (TPOT), sometimes
reported as inter-token latency, is the steady-state decode step time. Time-to-last-token (TTLT) is end-to-end
completion time, roughly TTFT + (output length — 1) x TPOT. Service throughput, the rate of requests or
tokens completed per second, is the aggregate counterpart to these per-request measures. The split matters
because restoration and recomputation affect mostly prefill.

2.3 Paged Attention

Early inference engines allocated one contiguous buffer per request, sized for the maximum possible output
length. This wastes space through internal fragmentation, the unused remainder of an allocation that is larger
than what is actually stored in it, and it makes sharing between requests impossible. PagedAttention [32],
introduced by the VLLM inference engine, replaced this with the virtual-memory abstraction that every
modern engine now uses. KV-cache data is stored in fixed-size blocks, each holding the key and value
vectors for a fixed number of consecutive tokens (commonly 16 or 32), and a per-request block table maps
a block’s logical index within the request to its physical location. SGLang [78] and others adopt the same
structure. A block is the unit in which KV-cache data is allocated, evicted, offloaded, and restored. Paging
imposes one requirement on the data path. Because the attention kernel reads blocks in place through the
block table, rather than gathering them into a contiguous staging buffer, every block a request needs must
be resident in GPU memory before the kernel runs [32]. There is no way to stream a block from disk as
the kernel touches it. The transfer is therefore an explicit step that precedes computation, and its cost is
exactly what a restore-versus-recompute policy is choosing between. Paging also makes sharing cheap: two
requests that begin with the same tokens can point their block tables at the same physical blocks, which is
the mechanism behind the reuse techniques of Section 2.5.

2.4 Memory Footprint

The per-token KV-cache footprint follows directly from the architecture. For a model with L layers, Hy,,
key/value heads, head dimension dj,, and b bytes per element,

Stoken =2-L- Hkv : dh : b7 (22)

where the leading factor of two accounts for storing both a key and a value. A request holding IV tokens
occupies N - Sioken bytes, and a block holding 110k tokens occupies

Sblock = Tblock . Stoken~ (23)

Table 2.1 evaluates Equation 2.2 for the two Llama-3.1 models used in this report. For Llama-3.1-8B
with 16-token blocks, a block occupies 2 MB, which is the block size we assume throughout. The 70B row
explains the pressure described in Chapter 1: at 128K tokens, one session’s cache is measured in tens of
gigabytes, and ten such sessions exceed the HBM capacity of any single GPU on the market. The 30 GB
figure quoted in Chapter 1 falls between the b£f16 and 8-bit rows; the exact footprint a deployment sees
depends on the numeric precision it chooses for KV-cache data [31,36,37]. The footprint is linear in context
length with a large constant, so capacity is the binding resource rather than any property of the access pattern.
The constant is set by the model architecture and the chosen precision, both of which are fixed at deployment
time. The only remaining lever at runtime is where the data lives.



Model L |Hy, | dj, |Per token | 128K context
Llama-3.1-8B (bf16) [32| 8 |[128| 128 KiB 16 GiB
Llama-3.1-8B (8-bit) [32| 8 [128| 64KiB 8 GiB
Llama-3.1-70B (bf16) |80| 8 |[128| 320KiB 40 GiB
Llama-3.1-70B (8-bit) |80| 8 |[128| 160KiB 20 GiB

Table 2.1: KV-cache footprint per token and for a full 128K-token context, computed from Equation 2.2
with the Llama-3.1 architecture parameters [21]. Here bf16 denotes 16-bit floating point, so b = 2 bytes;
the 8-bit rows assume the KV-cache is stored at half that precision while the weights are not.

2.5 KV-cache Reuse

Retaining KV-cache data beyond the lifetime of a single request pays off because real workloads are repet-
itive: a multi-turn conversation re-sends the history of earlier turns as its prefix, a retrieval-augmented ap-
plication inlines the same documents into many different prompts, and an agent pipeline prefixes every call
with the same instructions and tool descriptions [26, 70, 71]. Measurements from a large cloud provider
confirm that reuse opportunities across requests are both frequent and skewed toward a small set of popular
prefixes [64]. Systems exploit this in several ways. The basic one is prefix caching: the blocks of a completed
request are retained so that a later request beginning with the same tokens can skip prefill for the shared part.
Chapter 6 surveys the schemes built on top of it. Reuse creates the demand for capacity. A cache that is
discarded at the end of each request never needs a second tier; a cache that is retained across sessions rapidly
outgrows HBM.

2.6 KV-cache Offloading

To retain more K'V-cache data than HBM can hold, modern cache systems [39,41] offload blocks to external
storage tiers: CPU DRAM, local storage devices such as SSDs, and remote storage systems such as object
stores, which serve data over a network rather than over a local bus. Inference engines integrate with these
cache systems through pluggable connectors [52,61], which coordinate data placement and retrieval without
the engine having to know which tier a block came from. The resulting hierarchy has four levels. At the top,
the GPU package holds the compute cores and the HBM attached to them; KV-cache blocks are produced
in HBM and are readable by the attention kernel only while they remain there. Below it, and reachable only
across the host interconnect, sit CPU DRAM, one or more local storage devices, and a remote tier reached
over a network. Capacity increases and bandwidth decreases at each step down, so higher tiers provide
greater throughput at higher cost per byte and lower capacity, and lower tiers provide capacity at lower
throughput. Table 2.2 gives representative figures. HBM delivers roughly 3,360GB/s on an H200 [48], while
terabytes of NVMe storage, the flash devices that attach directly to the PCle bus, deliver on the order of
10GB/s. That is more than two orders of magnitude less. Table 2.2 also states a constraint that recurs in
our model. Every tier below HBM is reached across the host interconnect, so its effective bandwidth is
min(Bier, Plink) rather than Sy alone. An NVMe array whose device bandwidth exceeds that of a Gen3
link therefore delivers no more than the link permits. In this work we consider a hierarchy consisting of
GPU HBM, single-node CPU DRAM, and a local SSD connected through a single interconnect such as
PCle. More complex hierarchies (e.g., multiple GPUs, disaggregated memory pools, or remote tiers with
their own queueing behavior) are left to future work.



Tier Typical capacity | Typical bandwidth | Notes

GPU HBM 24-141GB 900-3,360 GB/s |shared with model weights
CPU DRAM 0.1-2TB 50-400 GB/s reachable only over PCle
PClIe Gen4/5 x 16 n/a 32-64 GB/s caps every lower tier

Local NVMe 1-60TB 3-14GB/s Gen4/Gen5 devices

Local SATA SSD 0.5-8TB ~0.55 GB/s interface-limited

Remote object petabytes 0.1-12.5GB/s | network- and protocol-limited

Table 2.2: Representative capacity and bandwidth of the tiers in a KV-cache hierarchy. Gen4 and Gen5
denote successive PCle generations, each roughly doubling the per-lane rate of the last. Figures are drawn
from vendor specifications and public benchmark databases [3, 19,48, 59]; exact values vary by part. Note
that the PClIe row is not a storage tier but a ceiling: no tier below it can deliver more than the link allows.



Chapter 3

1/0 Study of LLM Inference

Chapter 2 established that KV-cache data outgrows HBM and that inference engines offload it to external
storage tiers. This chapter characterizes the I/O behavior that follows from offloading and its effect on
inference performance. Section 3.1 identifies which cache operation lies on the critical path. Section 3.2 de-
scribes the path a KV-cache block takes through the storage hierarchy. Finally, Section 3.3 reports measured
behavior on two GPUs.

3.1 Where the I/0 Time Goes

A cache system exposes three operations to the inference engine for KV-cache offloading [39,61]. Lookup
resolves which of a request’s blocks are cached and in which tier; store writes newly-produced or evicted
blocks down the hierarchy; and restore brings blocks back into GPU memory. Their contributions to request
latency differ by orders of magnitude. Lookup touches metadata only. A block’s metadata is on the order
of tens of bytes (e.g., an identifier, a tier, and an offset) against a 2 MB payload, so the metadata for a
full hierarchy resides in CPU DRAM and never reaches a storage device. Lookup contributes microseconds.
Store moves data, but not on the critical path. When a session goes idle and its blocks are evicted, the request
that produced them has already completed, and store completion gates nothing. A store backlog competes for
the device bandwidth that restores need, so its cost appears as reduced effective restoration bandwidth rather
than as latency attributable to any single request. Restore blocks. Since the attention kernel reads blocks in
place through the block table (Section 2.3), a request cannot enter prefill until every block it needs is resident
in HBM. A restore is asynchronous from the cache system’s perspective but synchronous from the inference
engine’s, which must wait on complete restore before scheduling the request. The result is queueing delay
directly attributable to I/O [20]. The magnitudes follow from Table 2.1. A single 1,000-token request on
Llama-3.1-8B requires 1000 x 128 KiB ~ 125 MB of KV-cache data, or roughly 227 ms of transfer from a
SATA SSD at 0.55 GB/s, before queueing and before competing traffic. A 128K-token session on the same
model requires 16 GB, or about 30 seconds of transfer. At the lower tiers, restoration latency dominates
prefill latency.

3.2 KV-cache Offloading Flow

A block traverses the hierarchy described in Section 2.6 in a fixed pattern: produced in HBM, demoted
downward under capacity pressure, and promoted back to HBM on demand. The position it occupies at the
time of a restore determines the cost of that restore. Blocks are produced in HBM during both prefill and
decode phases. They remain in GPU memory while the request is running. Usually, one GPU worker does
the prefill step and passes the results to another GPU worker for decode. The data is transferred through



interconnects such as PCle or NVLink. During execution of a single request, if GPU memory pressure is
hit, blocks may be offloaded to CPU DRAM and still be used instantly. The request life cycle is shorter
than a session; therefore, the first top tiers will handle that case. The cache system records each block’s tier
in its metadata, so residency is a property tracked per block rather than per session. When GPU memory
pressure rises, blocks belonging to idle sessions are copied to CPU DRAM and their HBM space is freed.
When DRAM fills, the same mechanism spills them to the local storage device, and in deployments with
a remote tier, from there to the network. Eviction is a background write, so its latency is hidden, but each
level of descent multiplies the cost of the eventual restore by the bandwidth ratio between adjacent tiers,
which Table 2.2 shows to span more than two orders of magnitude. When an idle session returns, a lookup
classifies its blocks into four categories: still resident in HBM, resident in DRAM, resident on disk, and
absent from the hierarchy entirely. The first category costs nothing. The second and third require a transfer
whose duration is governed by the effective bandwidth of the tier, which is the lesser of the device bandwidth
and the interconnect bandwidth (Section 2.6). The fourth must be recomputed, because the data no longer
exists anywhere.

The rate at which requests reach the lower categories is set by capacity. Consider a single H200 with
141 GB of HBM serving Llama-3.1-70B. Weights in bf16 consume 2P =~ 140 GB, so the model must
be sharded across GPUs or quantized. In a two-GPU parallel configuration, roughly 70 GB of HBM per
device remains available for KV-cache data. From Table 2.1, one 128K-token session requires 40 GB of
bf16 KV-cache spread across the two devices, so a single GPU’s free HBM holds on the order of three
such sessions. Inference services retain conversational state across requests. A chat deployment with a
few hundred concurrent sessions, an agent framework whose workers carry long tool histories, or a coding
assistant holding a repository in context each produce more retained KV-cache data than a GPU can hold,
and Section 2.5 established that the data is worth retaining because every session resends its history on the
following turn. As the number of users and the length of their sessions grow, the fraction of a returning
session’s context that must be fetched from the slowest occupied tier grows with them. Restoration from
disk is therefore the common case in a loaded system rather than a cold-start cost that amortizes away.

3.3 Measured Behavior

To observe this behavior end to end, we ran a chatbot workload against a cache hierarchy sized to force of-
floading, on two GPUs bracketing the performance range: an NVIDIA H200 and an NVIDIA RTX A5000,
backed in both cases by a SATA SSD. Table 3.1 gives the configuration. As shown in the table, the HBM
and DRAM cache capacities are constrained far below what either machine provides. This compresses the
transition from HBM-resident to DRAM-resident to disk-resident into a session count reachable on a single
node; the shape of the transition is set by the ratio of working set to capacity rather than by absolute capacity.
The workload executes twice. The first pass populates the hierarchy and triggers evictions, and the second
replays the same sessions so that each request has cache data to restore; without the first pass every request
is a cold miss and the measurement reduces to prefill. The system is sampled periodically as sessions accu-
mulate, increasing the aggregate context length from 1.6 x 10° to 1.6 x 105 tokens. Reported context lengths
are the total KV-cache footprint across all live sessions rather than the length of an individual conversation,
since tier residency is determined by the total footprint competing for each tier. The workload is drawn from
ShareGPT [54], a corpus of real human-assistant dialogues whose multi-turn structure reproduces the reuse
pattern of Section 2.5 without synthesis.
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Figure 3.1: Processing time for different aggregate context lengths when the KV-cache data is computed on
the GPU versus restored from SSD, for an H200 and an RTX A5000. Both axes are logarithmic.

Parameter Value

Model Llama-3.1-8B-Instruct [21]

GPUs NVIDIA H200; NVIDIA RTX A5000
Storage tier SATA SSD

HBM cache capacity 2GB
DRAM cache capacity |1 GB

KV block size 16 tokens (~2 MB)

Workload ShareGPT-derived chatbot [54]
Sessions 200

Requests / session ~5

Input tokens / request ~1,000

Passes 2 (populate, then replay)

Aggregate context swept [ 1.6 x 103 to 1.6 x 10 tokens

Table 3.1: Configuration of the I/O case study. Cache capacities are constrained far below what the hardware
provides so that the working set spills to disk at session counts drivable on a single node.

Figure 3.1 reports the time to make a request’s context available in HBM by recomputation and by
restoration. As shown in the figure, for the H200 at the smallest aggregate context, restoration takes 500 ms
against 1 s for recomputation, because the KV-cache data still fits within the constrained HBM cache and
no device I/O occurs. As the aggregate context grows past the HBM and DRAM caps, restoration time
rises to two minutes, then seventeen minutes, then to the order of an hour, inheriting the piecewise structure
of the hierarchy with a distinct step at each tier boundary. Recomputation time depends on GPU compute
capability and model architecture, not on data placement. On the H200 it grows from 1 s to about 17 minutes
across three orders of magnitude of context, remaining below restoration at every point past the smallest.
Restoration inflates end-to-end inference latency by up to 10x on high-performance GPUs. The A5000
exhibits the opposite behavior. Its recomputation is slow enough (10 s where the H200 requires 1 s) that
restoration is already competitive at small contexts, and at larger contexts the two track closely: two minutes
against two minutes, seventeen against eighteen. On this GPU the two mechanisms are near-substitutes
across most of the range.
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Chapter 4

KV-cache Tier Simulator

Chapter 3 established the restore-versus-recompute trade-off on two GPUs and one storage device. Deter-
mining how far that result generalizes by measurement is impractical, since it would require assembling
on the order of a thousand physical machines. We therefore built a performance-modeling simulator of the
KV-cache storage stack and swept the space analytically. Section 4.1 describes how the inference stack of
Chapter 2 is reduced to a model and what that reduction discards. Section 4.2 gives the formulas and the
configuration schema.

4.1 From the Inference Stack to a Simulator

The simulator computes a single quantity: for a given hardware configuration and context length, the time
required to make that context’s KV-cache data available in GPU memory, by restoration and by recompu-
tation. It is a performance model in the tradition of roofline analysis for LLM inference [50, 73], not a
discrete-event simulator of an inference engine. The reduction proceeds by discarding every component of
the stack that does not affect that quantity. The model and the inference engine are represented only by
the parameters that determine bytes and FLOPs: layer count, key/value head count, head dimension, ele-
ment width, block size, and parameter count. The cache system is represented by per-tier capacities and the
placement rule that restoration draws from higher tiers until their capacity is exhausted before falling back
to lower ones, which approximates the behavior of deployed systems [39]. The hardware is represented by
per-tier bandwidths, one interconnect bandwidth, and the GPU’s peak arithmetic rate. What remains is a
set of closed-form expressions that can be evaluated over the full cross-product of a hardware catalog. The
simulator is implemented in approximately 1,000 lines of Python and Go and is publicly available.! The
Python component expresses the model of Section 4.2 and drives the parameter sweep; the Go component
evaluates configurations and scheduling decisions at a rate that makes the full cross-product tractable.

Scope and Assumptions

The hierarchy modeled is one GPU HBM, one CPU DRAM, and one disk, connected by a single intercon-
nect. Besides KV-cache data, only model weights are assumed to occupy HBM. The following mechanisms
are omitted.

* Prefetching. Blocks are fetched when requested, never in anticipation.

* Inter-tier data movement. Promotion and demotion between DRAM and disk while a request is in
flight are not modeled.

'https://github.com/sbu-fsl/KVC-TierSim
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* Random access patterns. A request’s blocks are treated as a dense sequential range, which matches
how attention consumes them (Section 2.1).

* Contention. Each configuration is evaluated in isolation, with no competing store traffic and no
queueing across concurrent requests.

* Model sharding. A single GPU holds the whole model.

Two consequences bound the conclusions the model supports. First, absolute times are optimistic for
both mechanisms: peak bandwidths and peak arithmetic rates are used, and hardware utilization is set to
unity. The comparison between the two mechanisms is more robust than either absolute curve, though the
residual bias favors recomputation, since perfect utilization helps the GPU while the storage side remains
capped by the interconnect. Second, contention would reduce both the achievable restoration bandwidth and
the achievable recomputation rate in a loaded system, which makes the online problem harder rather than
easier.

4.2 Formulas and Schemas

Table 4.1 collects the notation used here and in Chapter 5.

Symbol |Meaning
P model parameter count
L, Hy,, dy, b|layers, KV heads, head dimension, bytes per element
Thiock tokens per KV-cache block
B, Shiock | bytes per KV-cache block

N blocks required by a request
M of those, blocks missing from the hierarchy (cache misses)
k cache-hit blocks reassigned from restoration to recomputation
N¢, Ng blocks recomputed (M + k) and restored (N — M — k)
Clier capacity of a tier, in blocks
Btier raw bandwidth of a tier

Blink interconnect (e.g., PCle) bandwidth
Dpeak peak FLOP/s of the GPU

n hardware utilization efficiency (MFU)

Fioken FLOPs to process one token (== 2P)
t per-token compute time

X, Y GPU recomputation and storage restoration throughput (bytes/s)
r target request rate (requests/s)

p target P95 prefill latency (s)
T, Ts, Treq |recomputation, restoration, and request completion time

Table 4.1: Notation used in the performance model (Chapter 4) and in the findings derived from it (Chap-
ter 5).

Capacity

How much KV-cache data a tier holds determines where a request’s blocks are found. HBM must also hold
the model weights, so for a model with P parameters stored in bf16,

Effective Capacityypy = Capacitygpy — 25, 4.1)

and the number of blocks that fit is

4.2)

KVCSpacenmy — \‘Eﬁective CapacityHBMJ 7

Shlock
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with Spiock given by Equation 2.3. The subtrahend 2 P grows with each model generation while Capacityppy
grows more slowly, so KV-cache space on a given GPU shrinks as models grow. DRAM and disk carry no
such reservation: Chier = | Capacityyie, / Sblock |-

Restoration

Given a request for IV blocks, blocks are assigned to tiers top-down, filling each tier’s capacity before spilling
to the next:

nuM = min(N, Cusm),
npraM = min(N — ngem, Cpram), 4.3)
Naisk = N — NHBM — NDRAM-

Blocks already in HBM require no restoration. For DRAM and disk, throughput is limited by the lesser of
the tier bandwidth and the interconnect bandwidth, since every byte from those tiers crosses the same link:

_ _DRAM Shlock Naisk = Shlock
min(Baram, Sink)  Min(Saisk, Flink)

4.4)

Equation 4.4 is piecewise linear in [N with breakpoints at the tier capacities, which is the step structure
observed in Figure 3.1. Summing the two terms treats transfers from the two tiers as serialized on the shared
link; a system with independent paths would take the maximum instead. Writing the aggregate restoration
path as a single effective bandwidth Y gives the form used in Chapter 5:

NB .
T, = 77 Y = mln(ﬁtiera ﬁlink)- (45)

Recomputation

Compute time uses the roofline approximation, which divides the work to be done by the rate the hardware
achieves. With Fi,ien the floating-point operations (FLOPs) required per token, ®peak the peak FLOPs per
second of the GPU, and 7 the sustained fraction of that peak, known as model FLOPs utilization (MFU) [9],
the per-token compute time is

R F,

7 token , (4.6)

(I)peak N

with Fioren =~ 2P for a model that uses all P of its parameters on every token. Because processing each
block requires attending to all preceding blocks, processing N blocks costs

tcompute = N2 : Tblock : f (47)

The N? term is the causal-attention cost of Equation 2.1; summing i over i = 1... N gives N(N+1)/2,
and the model absorbs the constant factor. Expressing recomputation in the units of Equation 4.5 defines the
GPU’s effective recomputation throughput X, the number of KV-cache bytes it produces per second:

X:Stoken:2'L'Hkv‘dh'b‘©peak'n

4.8
t Ftoken ( )

combining Equations 2.2 and 4.6. With X and Y in the same units, the choice between the two mechanisms
reduces to their ordering: recomputation is faster when X > Y, restoration when X < Y. Neither Equa-
tion 4.6 nor Equation 4.7 involves storage, and Equation 4.4 involves no arithmetic rate, so the two costs
move independently across the configuration space.
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Configuration schema

A configuration is a tuple of one GPU, one interconnect, one DRAM specification, and one storage device,
each drawn from a catalog of published parts. Table 4.2 gives the catalog: six GPUs, six PCle generations,
seven DRAM configurations, and seven storage devices, or 6 X 6 x 7 x 7 = 1,764 combinations. Device
bandwidths and capacities were collected from NVIDIA [48], FS [19], Bizon-Tech [3], and UserBench-
mark [59].

Dimension Levels | Range covered

GPU 6 | Tesla V100, RTX A5000, RTX 6000 Ada, A100, H100, H200
Interconnect 6 | PCle generations, spanning roughly 32 x in bandwidth

CPU DRAM 7 | capacity/bandwidth pairs across generations

Storage device| 7 | SATA SSD through Gen5 NVMe

Total configurations |6 x 6 x 7 x 7= 1,764

Table 4.2: The hardware configuration space swept in Chapter 4. Device specifications were collected from
NVIDIA [48], FS [19], Bizon-Tech [3], and UserBenchmark [59].
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Chapter 5
Findings

This chapter reports what the simulator of Chapter 4 establishes. Section 5.1 quantifies the size of the solution
domain, showing that hardware selection alone moves restoration time by two to three orders of magnitude
and that no single mechanism dominates across it. Section 5.2 identifies the improvement the model makes
visible: an allocation that divides a restore request between the two paths rather than choosing one of them.

5.1 A Large Domain of Solutions

Two results establish that the restore-versus-recompute ordering is not a property that can be fixed at design
time. Figure 5.1 evaluates Equations 4.4 and 4.7 over the 1,764 configurations of Table 4.2. Each violin
summarizes restoration times across all configurations at a given session context length; the dashed curves
give recomputation time per GPU, which is independent of the storage configuration.

Three properties of the distribution follow. Hardware choice alone spans two to three orders of
magnitude. At a fixed context length, with the same model and the same volume of data to move, varying
only the storage device, the DRAM configuration, and the interconnect changes restoration time by a factor
of 102 to 103. No property of the workload accounts for that spread. The spread is widest where the
hierarchy is in play. At smaller context lengths the violins are tall because the outcome differs qualitatively
across configurations: on a large-HBM GPU the data still fits in HBM and restoration costs nothing, while
on a small-HBM GPU with a modest DRAM tier the same request already reaches disk. As context length
grows past the effective HBM capacity of every configuration, the distribution narrows and shifts upward,
becoming constrained by disk bandwidth and capacity. Recomputation curves intersect the restoration
distributions. For nearly all GPUs the recomputation curve passes through the violins rather than above
or below them, so for a given context length there exist storage configurations under which restoration is
faster and others under which recomputation is faster. The exception is the H200, whose curve lies below the
distribution across the range shown; on that GPU recomputation is the better choice almost everywhere. The
domain of viable configurations is therefore large, and membership in it depends jointly on the accelerator,
the storage device, the interconnect, and the context length. Enumerating it by benchmarking is expensive
and is invalidated by any change to hardware or workload [5,27,28,53], a difficulty documented for multi-tier
storage caches generally [15,16,79].

5.2 Potential Improvements

Because restoration and recomputation consume disjoint resources, they can proceed concurrently, and a
request need not use a single mechanism for all of its blocks. The simulator makes the consequences of that
observation measurable. The choice arises at a single point in a request’s path. A restore request carries
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Figure 5.1: Performance modeling results for recomputation and restoration across 1,764 hardware config-
urations. Dashed lines show recomputation times for different GPUs; violin plots show restoration-time
distributions, with red lines denoting medians. The x-axes give session context length and the corresponding
KV-cache data volume; the y-axis is completion time on a logarithmic scale.

N blocks, and the cache lookup of Section 3.1 classifies them by residency into four groups. Blocks still
resident in HBM require no action, since the attention kernel can already read them. The M blocks absent
from the hierarchy must be recomputed, as no copy of them exists. Blocks resident in CPU DRAM are
treated as a transient staging point rather than as a decision point and restoration from it is therefore always
preferable. The remaining blocks, evicted to the disk tier, are the ones for which both mechanisms are viable,
and they are what the allocation divides. The two resulting groups are issued concurrently: one set of block
requests to the storage path and one recomputation batch to the GPU. Because the paths are independent, the
request completes when the slower of the two finishes, at 7}.., = max(T, T;), and the allocation problem is
to choose the division that minimizes that maximum.

Balancing the two paths

Let X be the observed GPU recomputation throughput in bytes/s, Y the observed storage restoration through-
put, NV the number of blocks of size B in a restore request, and M the number of cache misses. Letting k
cache-hit blocks be reassigned from restoration to recomputation,

N.=M+k and N,=N-—M—F, (5.1)

with k& € [0, N — M] the single decision variable. Because the two paths run in parallel, completion time is
set by the slower of them:

T. = T, = , Treq = max(Ty, Ts). (5.2)
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The maximum is minimized when the two paths finish together. Setting T,, = 7 and solving for &,

(M+k)B (N—M-—k)B
X N Y

Y(M+k)=X(N—-M—k)

E(X+Y)=XN-MX+Y)

NX
*
= - M .
F X+Y ’ (5-3)
clamped to the feasible range:
kzm&x((), min(N—M, %—M)) 54

When the clamp is inactive, substituting into Equation 5.1 gives

NX NY
- e e 5.5
Cc X + Y7 S X + Y’ ( )
so each path receives blocks in proportion to its own throughput, and
NB
Treq = X v (5.6)

The system behaves as a single delivery path of bandwidth X + Y. Always-restore achieves NB/Y and
always-recompute achieves N B/ X, so the gain over the better fixed mechanism is largest when X ~ Y,
where it approaches a factor of two, and this is also the regime in which a static threshold is least reliable:
small measurement errors reverse the ranking.

Proposition 1. % as defined in Equation 5.4 minimizes T}..4(k) = max(T.(k),Ts(k)) over
kel[0,N — M].

Proof. T.(k) = (M + k)B/X is continuous and strictly increasing in k; Ts(k) = (N — M —
k)B/Y is continuous and strictly decreasing. The pointwise maximum of an increasing and
a decreasing function is quasi-convex, and is minimized at their crossing point if it lies in the
interval, and otherwise at the nearer endpoint, which is what clamping £* computes. (I

Since the M cache misses admit no alternative, 1;..q > M B /X for every k, and the achievable comple-
tion time is

(5.7)

MB NB
Treq:max< >,

X' X+Y
the first term binding when the request is mostly misses and the second when it is mostly hits. The cache-hit
ratio is therefore the axis along which the allocation must be evaluated.

Limiting cases

Equation 5.5 reduces to each fixed mechanism at the extremes. For X > Y, N. — N and the allocation
converges on always-recompute while still routing a Y/(X+Y") share to a path that would otherwise be idle.
For X <Y, the AS000 case, N; — N. For M = N every block is a miss, k clamps to zero, and the request
is an ordinary prefill. For M > N X /(X + Y') the clamp binds at £ = 0: mandatory recomputation already
exceeds the GPU’s balanced share, 7., = M B/X by Equation 5.7, and no allocation improves on it.
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Algorithm 1: I[/O-aware restore/recompute allocation

Input : N blocks requested; M cache-miss blocks; block size B

Parameters: observed throughputs X, Y'; SLO targets p, r

Output : blocks to recompute V.., blocks to restore N, feasibility verdict
1 7« min(p, 1/7); // binding objective
2 if Y = 0 then return (N, 0, NB/X < 7);
3k« NX/(X+Y)—-M; // balance point, Eg. 5.3
4 k + max(0, min(N — M, k*)); // clamp to feasible range
5 N.+— M+ k;
6 Ng+— N — M —k;
7 T. + N.B/X,
8 Ts <+ NsB/Y,
9 Tyeq + max(Te, Ts);

—
=)

if T,..q < 7 then

| return (N, N,, FEASIBLE);

else

‘ return (N., N, BEST-EFFORT) ; // minimizes the violation
end

e
B N =

Cost of the decision

Algorithm 1 states the allocation. The algorithm performs a fixed number of arithmetic operations with no
loops, no search, and no state beyond the four parameters it reads, so its cost is O(1) per restore request,
independent of [V, of the number of tiers, and of the number of concurrent sessions. The guard on line 2
covers the case in which the storage path has stalled to zero observed throughput, where Equation 5.3 would
divide by zero. Because k* is real-valued while blocks are discrete, rounding perturbs 7,.., by at most
B/min(X,Y), the transfer time of one block, which for a 2 MB block on the slowest tier of Table 2.2 is
under 4 ms. Measured over 20.2 million timed scheduling decisions in the simulator, the allocation averages
5.07 us per decision and sustains approximately 2 x 10° decisions/s; scheduling 10° requests costs about
5.1 s against 0.23 s for the fixed mechanisms. Against the operation it governs the cost is negligible: the
227 ms of transfer computed in Section 3.1 for a single 1,000-token request from a SATA SSD exceeds it
by five orders of magnitude. The parameters it reads already exist in a deployed system, since the cache
subsystem measures its own transfer rates and the inference engine tracks its achieved throughput, so no
additional state is required.

Minimizing completion time is not equivalent to meeting a service-level objective. The model permits
both objectives introduced in Section 2.2 to be written as constraints on the same quantity and checked across
the configuration space. The tail-latency constraint bounds request completion time by the target P95 prefill
latency p:

Treq < 1. (5.8)

The throughput constraint is a resource-utilization condition. At a target request rate of  requests/s, neither
path may be overloaded:
rl, <1 and rTs <1, 5.9

which states that per-request service time on a resource must not exceed the inter-arrival time, or the cor-
responding queue grows without bound. The three constraints collapse into one. Since I, < 1 A 7T, <
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1 <= max(T;,Ts) < 1/r <= T,¢q < 1/r, the feasibility condition is

1

Treq <, 7 £ min (p, ) . (5.10)
r

The two objectives are two bounds on the same quantity, and whichever is tighter binds: a latency-sensitive

deployment is limited by p, a throughput-oriented one by 1/r.

Proposition 2. The allocation of Equation 5.4 satisfies both objectives whenever any allocation
satisfies them.

Proof. By Equation 5.10 an allocation is feasible iff T}..,(k) < 7. By Proposition 1 the chosen
k minimizes 7}..,. Hence if T, at the chosen k exceeds 7, no k achieves feasibility. O

When no allocation is feasible, the request cannot meet both objectives under the current storage and
compute capabilities, and additional resources, a relaxed objective, or a different placement strategy is re-
quired. The same allocation minimizes the maximum constraint violation, so a best-effort mode requires no
separate computation.

Success rate across the configuration space

Equation 5.10 makes objective satisfaction a predicate that the simulator can evaluate for every configuration.
We define the success rate as the fraction of evaluated configurations that satisfy both objectives, and sweep
the 1,764 configurations of Table 4.2 against the full range of cache-hit ratios. A cache-hit ratio of c means
that a fraction c of a request’s blocks are available in the hierarchy and the remainder are misses, so M =
(1 — ¢)N. Three allocations are compared: always-restore (k = 0), always-recompute (k = N — M), and
the allocation of Equation 5.4.

A threshold metric is appropriate because an objective is itself a threshold: a configuration that misses
its P95 target by 10% has missed it, and averaging that outcome with one that satisfies its target describes
neither. Figure 5.2 reports the result across six GPUs, ordered from slowest to fastest. The I/O-aware
allocation lies at or above both fixed mechanisms at every cache-hit ratio, which follows from Proposition 2,
since both fixed mechanisms are particular values of k. The magnitude of the margin is the empirical result.

Slow GPUs are bounded by hardware. On the RTX A5000, V100, RTX 6000, and A100 all three
allocations remain at low success rates: recomputation below 20% and restoration below 40%, because these
GPUs lack the recomputation throughput to absorb work taken off the storage path. The I/O-aware allocation
is highest in every case and its margin grows with the cache-hit ratio, but the ceiling is set by the accelerator.
Fast GPUs show the largest margin. On the H200 the I/O-aware allocation holds a success rate near the top
of the range across the entire sweep, while always-restore falls from roughly 88% at a 0% cache-hit ratio to a
few percent at 100%. At the right-hand edge the gap exceeds an order of magnitude. Across all configurations
the allocation yields a 2-10x improvement in success rate over the fixed mechanisms. Restoration degrades
as the cache improves. Below a 25% cache-hit ratio, restoration outperforms recomputation by up to 25
percentage points, since little traffic reaches the storage path. As the cache-hit ratio rises, an always-restore
allocation fetches more blocks, saturates the storage path, and fails an increasing fraction of configurations,
approaching total failure at a 100% cache-hit ratio. A high cache-hit ratio is therefore both the condition
under which the cache is most effective and the condition under which unconditional restoration performs
worst. The transition occurs at lower cache-hit ratios on faster GPUs, which is why the margin in Figure 5.2
widens from panel (a) to panel (f).
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Figure 5.2: Effectiveness of the I/O-aware allocation compared with always-restore and always-recompute
across cache-ratio configurations, ordered from slower to faster GPUs. Success rate is the fraction of scenar-
10s that satisfy both the throughput and tail-latency objectives; higher values are better.
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Chapter 6

Related Work

Work on KV-cache management is extensive and growing quickly. This chapter organizes it by what each
line of work does about the fundamental problem, that KV-cache data is too large for HBM and too expensive
to recompute.

Reusing and sharing KV-cache data. The first response to the cost of prefill is to avoid repeating
it. Prefix caching retains a completed request’s blocks so that a later request sharing the prefix can skip
recomputation, and a substantial body of work extends the idea beyond exact prefixes. CacheBlend [70] fuses
cached knowledge for retrieval-augmented generation by selectively recomputing only the tokens whose
cached vectors would be invalidated by a different surrounding context, and KVLink [68] pursues a similar
goal for concatenated documents. Both are partial-recomputation schemes related to the one this report
develops, though they recompute to preserve output quality rather than to manage 1/0. KVShare [67] targets
multi-tenant reuse, and SafeKV [11] studies the safety implications of sharing cache state across users.
Content-delivery-style framings ask whether LLM serving needs a network for cache data at all [8], and
modular frameworks make the reuse layer pluggable [51]. Others target specific structures: ChunkAttention
exploits prefix-aware chunking within the kernel [72], multi-turn dialogue systems exploit the turn structure
explicitly [26], and multi-agent systems reuse cache state across agent boundaries [71]. Surveys of efficient
inference [35, 77] and of data management for LLMs [81] place these in context. These techniques create
the demand this work addresses: every additional reuse opportunity is another block worth retaining, and
retention is what drives data out of HBM and into the tiers where restoration becomes expensive.

Multi-tier K'V-cache storage. A second line of work builds the storage hierarchy itself. LMCache [39]
provides an enterprise-scale KV-cache layer spanning DRAM and disk, and the llm-d project offers a com-
parable open implementation [41]; both integrate with inference engines through connector interfaces [61].
Mooncake [52] states the trade in its subtitle, trading more storage for less computation, and builds a
KVCache-centric serving architecture around it. FlexGen [55] introduced aggressive offloading for high-
throughput single-GPU inference. IMPRESS [7] adds importance-informed placement to a multi-tier prefix
store, MCAM [10] manages multi-tier KV-cache for distributed inference, and MemServe [23] provides
context caching for disaggregated serving. Others address placement from the model side, offloading model
weights to free HBM for KV-cache data [74], or use context importance to decide what to keep on a sin-
gle commodity GPU [58]. ScoutAttention pre-computes on the CPU a layer ahead to hide offloading la-
tency [76], and JENGA revisits memory management inside the engine [75]. Other work refines the paged-
attention data path itself for long-context deployments [29]. This work operates above the tiering layer: it
assumes such a system exists, exposes the block metadata a lookup produces, and reports its own achieved
throughput; the policy then decides what to ask it for. Any improvement to the tiering layer raises Y and
shifts the crossover, but does not remove it.

Making the data smaller. If restoration is bandwidth-bound, one remedy is to move fewer bytes.
CacheGen [40] compresses and streams KV-cache data for fast serving, and HeteroCache [56] applies het-
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erogeneous compression tuned to long-context behavior. Quantization reduces the footprint at the source:
Oaken uses an online—offline hybrid scheme for serving [31], and a body of work studies the accuracy cost
of quantized LLMs and their caches [36,37]. Compression and quantization change the constant in Equa-
tion 2.2 and therefore both Sy and the effective Y, but they do not change the structure of the decision.
Halving the KV precision halves the bytes to restore, but it also halves X in Equation 4.8, since the GPU
then produces half as many cache bytes per unit of the same compute, so the ratio that decides the trade-off
does not move in an obvious direction. Quantifying how these techniques move the crossover is left to future
work.

Making the data path faster. A third approach addresses Sy, directly. NVLink and its successors raise
inter-device bandwidth by an order of magnitude over PCle [34,48], and characterizations of modern GPU
interconnects quantify the resulting gain [24]. GPUDirect Storage [46] and GPUDirect RDMA [47] remove
the host bounce buffer from the path entirely, and benchmarking efforts measure the result in practice [44].
RDMA-first object storage designs apply the same idea to the remote tier [82]. Section 2.6 describes why
these matter: the min terms in Equation 4.4 mean that the interconnect, rather than the device, is frequently
the binding constraint. Raising Sy, raises Y and moves the crossover toward restoration, which changes
the answer rather than removing the question.

Scheduling, disaggregation, and parallelism. At the application level, systems reduce restoration over-
head by scheduling around it. Sarathi piggybacks decodes onto chunked prefills to keep the GPU busy [2];
Splitwise [49] and DistServe [80] disaggregate prefill from decode across machines, and assessments of dis-
aggregation quantify when it pays [43]. KVDirect targets distributed disaggregated inference [6], Fast-dLLM
applies parallel decoding to diffusion LLMs [65], and request scheduling across multiple engines is an active
area [30,39]. Niyama proposes QoS-driven scheduling that removes the silos between request classes [20],
and queueing-theoretic analyses characterize the latency structure of inference serving [69]. Heterogeneous
fleets add another dimension [22, 38], as does the resilience of the accelerators themselves [12]. These sys-
tems operate at a coarser granularity than the policy described here: they decide which engine or which
phase runs a request, whereas the policy decides, within a single restore, how to split one request’s blocks.
The two compose: a scheduler that has placed a request on a particular GPU has thereby fixed the X the
policy reads.

The restore-versus-recompute trade-off directly. A small number of systems address the restore-
versus-recompute question itself, and they divide into static approaches, which fix the decision from an
offline profile, and dynamic approaches, which revise it at runtime. The prevailing static form is a tun-
able threshold expressed in tokens or in bytes, selected by benchmarking a deployment and thereafter held
fixed [39, 64, 66]; tier-selection policies that route a request to a fixed tier by request size belong to the same
family. Their cost is the one quantified in Section 5.1: the threshold holds only for the configuration it was
measured on, and Figure 5.1 reports that configuration changes move restoration time by two to three or-
ders of magnitude. On the dynamic side, Jiang et al. propose I/O-aware partial KV-cache recomputation,
overlapping recomputation of some tokens with the transfer of others to hide latency [27], and Jin et al. ask
“compute or load KV cache? why not both?” and likewise pursue a hybrid [28]. Both split a request across
the two paths, and both differ from the allocation of Chapter 5 in how the split is chosen: these systems de-
termine it from profiling and tunable parameters calibrated to a deployment, whereas Equation 5.4 computes
it in closed form from throughputs observed at decision time and validates the result against explicit objec-
tive parameters. Characterization studies describe the behavior of deployed systems without prescribing a
policy: Wang et al. characterize KV-cache behavior at a large cloud provider and describe threshold-based
tier selection [64]; Mamo et al. compare KV-cache management strategies head to head [42]; Xu et al.
survey optimization strategies for scalable inference [66]; and Ren studies the I/O behavior of offloading
models and caches to NVMe specifically [53]. Chapter 3 follows this tradition, and Chapter 4 extends it
from measurement of a few systems to modeling of many. The difficulty of tuning multi-tier caches is itself
a studied problem: Carver identifies which storage-system parameters matter enough to tune [5]; Estro ef al.
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report the difficulty of finding optimal multi-tier cache configurations [16] and use knee detection to guide
simulations of them [15]; and adaptive multi-objective configuration has been applied to tiered storage more
broadly [79]. This literature reports that offline configuration of multi-tier caches is difficult, which bears
directly on attempts to fix the KV-cache decision offline, while performance-model-driven approaches to
LLM inference specifically [50, 73] and benchmarking efforts across accelerators [1,9] supply the modeling
foundation this work builds on.
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Chapter 7

Future Work

Chapter 5 established the I/O-aware allocation as a result derived from a performance model. The work that
follows falls into two categories: making the allocation a deployable mechanism and evaluating it as such,
and extending the model beyond the assumptions of Section 4.1. The immediate goal is to implement the
allocation of Equation 5.4 as a KV-cache management mechanism inside a production-grade serving system,
and to evaluate it against the simulator that produced it. Implementation requires integration at two interfaces.
The inference engine exposes KV-cache operations through a connector [61], which is where a restore request
is intercepted and where the residency classification of Section 5.2 is already available. A tiered cache
layer such as LMCache [39] supplies the per-tier residency metadata and the achieved transfer rates that
furnish Y'; the engine supplies X. Because the allocation reads only quantities that both components already
maintain, the mechanism requires no additional instrumentation, and the integration reduces to intercepting
the restore path and issuing two sets of block requests instead of one. Evaluating the implementation against
the simulator serves two purposes. The first is to test the performance model, by comparing predicted
and measured restoration and recomputation times over configurations the simulator claims to cover. The
second is to quantify what the model omits: the runtime cost of the decision in situ rather than in isolation,
the noise in the observed X and Y and the averaging window over which they must be smoothed to be
usable, and the interaction between a per-request allocation and the engine’s own batching and scheduling
decisions. Divergence between the two is itself informative, since it localizes which of the omissions in
Section 4.1 matters most. The model evaluates configurations in isolation. A loaded system has restores
queueing behind other restores and behind asynchronous store traffic, which reduces the effective Y, and
recomputation contending with prefill and decode work from other requests, which reduces the effective
X. Modeling the two paths as queues rather than as fixed-rate resources would allow the allocation to be
evaluated as part of a scheduled population rather than per request, and would connect it to admission control
and to per-tenant objectives, which this work does not capture. The allocation resolves a two-way choice
between one compute path and one storage path. Real hierarchies contain more (e.g., DRAM, local NVMe,
and remote object storage), and a single request’s blocks may span all of them. The natural generalization
treats the hierarchy as a flow network: each tier contributes a source with capacity equal to the blocks it holds,
each path into HBM contributes an edge with capacity equal to its effective bandwidth, shared links appear as
edges whose capacity is jointly consumed by every tier behind them, and the GPU appears as a further source
with capacity X. Minimizing completion time then becomes a maximum-flow problem [17, 18], solvable in
polynomial time by Edmonds—Karp [14] and applied in comparable resource-routing settings [4, 33].

24



Chapter 8

Conclusion

Existing LLM inference cache systems offload KV-cache data aggressively, because retaining it is what
makes long-context serving affordable, and then restore it unconditionally. The measurements and the model
presented in this report show that unconditional restoration is not justified by the underlying I/O characteris-
tics. Chapter 3 characterized the I/O behavior of an offloading KV-cache. Of the three cache operations, only
restore lies on the critical path, and its cost is governed by the slowest tier a request’s blocks occupy rather
than by the volume of data, producing a piecewise cost curve with a step at each tier boundary. Restoration
and recomputation are substitutes: both produce identical key and value vectors, and they consume disjoint
resources. Measured on an H200 and an RTX A5000 under an identical model, workload, and storage de-
vice, the ordering between them reversed, which establishes it as a property of the accelerator and storage
pairing rather than of the workload. Chapter 4 reduced the KV-cache storage stack to a performance model
of per-tier capacity, per-tier and interconnect bandwidth, and GPU arithmetic rate, which allowed the or-
dering to be evaluated over a catalog of published hardware rather than over the two machines available
for measurement. Chapter 5 reported three results from that model. First, the domain of solutions is large:
across 1,764 hardware configurations, hardware selection alone moves restoration time by two to three or-
ders of magnitude at a fixed context length, and the recomputation curves of nearly every GPU pass through
the restoration distributions, so neither mechanism dominates. Second, because the two paths consume dis-
joint resources, a restore request can be divided between them; the division that equalizes their completion
times assigns blocks in proportion to each path’s throughput and makes the system behave as a single path
of bandwidth X + Y. That division provably minimizes request completion time, costs 5.07 us to com-
pute, and requires no state beyond quantities a deployed system already maintains. Third, the tail-latency
and throughput objectives reduce to a single bound 7 = min(p, 1/r) on the same quantity, so the division
that minimizes completion time is also the one that satisfies both objectives whenever any division does.
Evaluated across the configuration space, it raises the fraction of configurations meeting both objectives by
2-10x over always-restore and always-recompute. Chapter 5 also reported the behavior of the fixed mech-
anisms under a well-performing cache. As the cache-hit ratio rises, an always-restore system fetches more
blocks, saturates the storage path, and fails its objectives in an increasing fraction of configurations, so a
higher cache-hit ratio degrades tail latency under that mechanism. Treating a cached block as a candidate for
restoration rather than as an obligation removes that degradation.
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