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Abstract

KV cache accelerates LLM inference by avoiding redundant

computation, but its rapidly growing memory footprint makes

GPU memory a primary bottleneck in modern serving sys-

tems. Recent approaches extend GPU memory using CPU

memory through KV-cache swapping. However, because KV

cache is continuously updated during decoding, swapping in-

troduces substantial synchronization and bidirectional transfer

overheads. We present Oneiros, a dynamic remapping engine

for multi-tenant LLM serving. Oneiros is based on a sim-

ple observation: unlike KV cache, model parameters remain

immutable during inference. Instead of swapping KV cache it-

self, Oneiros dynamically repurposes GPU memory allocated

for model parameters as KV cache capacity, enabling non-

blocking, unidirectional parameter transfer. This approach

is particularly effective in multi-tenant environments, where

memory allocated to inactive models can be reclaimed dy-

namically for active workloads. We implement Oneiros in

vLLM and evaluate it on modern GH200 systems. Compared

to vLLM, Oneiros reduces tail latency by up to 99.3% and

improves throughput by up to 86.7%. Compared to KV-cache

swapping approaches, Oneiros achieves substantially higher

throughput by avoiding synchronization overheads during run-

time memory extension. Source code of Oneiros is available

at https://github.com/UT-SysML/Oneiros/1.

1 Introduction

The memory demands of Large Language Models (LLMs)

are growing much faster than GPU memory capacity, mak-

ing memory a major bottleneck for efficient inference serv-

ing [3, 4, 8, 14–16, 26]. KV cache [8, 19] reduces inference

latency by storing intermediate results from previously gener-

ated tokens, avoiding redundant computation during autore-

gressive decoding. As a result, modern LLM serving systems

1This article summarizes the key ideas and findings from our full SoCC’25

paper on Oneiros [10].
∗Equal contribution.

rely heavily on KV cache to sustain low latency and high

throughput.

However, KV cache grows dynamically with sequence

length and batch size. Once GPU memory is exhausted, ex-

isting systems must either recompute key-value pairs or ex-

tend GPU memory using CPU memory, both of which in-

crease serving latency [8]. Figure 1a shows this effect in

practice: when available KV cache becomes limited under

higher request rates, recomputation causes tail latency to in-

crease sharply. The problem becomes even more challenging

in multi-tenant environments, where multiple LLMs compete

for the same GPU memory resources [28].

A natural way to alleviate GPU memory pressure is to

use CPU memory as an extension of GPU memory [5, 6,

11, 13, 18, 22–24, 27]. Recent hardware trends make this

increasingly practical. The NVIDIA Grace Hopper super-

chip (GH200) [15], for example, introduces a high-bandwidth

NVLink-C2C interface between CPU and GPU, providing

7× the CPU-GPU bandwidth of H100 [16] and 14× that of

A100 [14] (Figure 1b). This shift creates new opportunities

for low-latency memory extension in LLM serving systems.

Existing approaches explore this opportunity in two main

ways. Some systems offload portions of attention computation

to CPUs, allowing KV cache to be generated and stored in

CPU memory instead of GPU memory [6]. While this can sup-

port larger batch sizes, CPU computation itself can become

the bottleneck, especially on newer systems where CPU-GPU

bandwidth is no longer the dominant limitation. Other sys-

tems, such as Pie [27], swap KV cache between GPU and

CPU memory, moving KV cache for future layers out of GPU

memory and bringing it back when needed. This increases

the effective KV cache capacity and reduces recomputation.

However, KV cache swapping introduces a different chal-

lenge. KV cache is continuously updated during decoding. As

a result, swapping requires frequent synchronization between

CPU and GPU memory. Figure 2 illustrates this dependency:

KV cache in GPU memory cannot be reclaimed until the cor-

responding data has been written back to CPU memory. These

bidirectional transfers introduce synchronization overheads
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Figure 7: Remapping Controller dynamically reclaims parameter memory based on runtime KV cache pressure. In this example,

Model-A is active while parameter memory from inactive models is progressively repurposed as KV cache capacity.

Thus, within the circular execution model, remapped layers

should be evenly spaced throughout the network. This maxi-

mizes the minimum computation interval between successive

remapped layers and therefore maximizes transfer-compute

overlap.

The second design objective is to minimize CPU-GPU

transfer traffic. When remapping pressure is low, remapped

layers share a single GPU memory region to minimize trans-

fer volume. As remapping pressure increases, Oneiros uses

double buffering to better pipeline parameter transfer with

execution:

TT × (α+2)≤ Tc ×n (4)

This reduces pipeline stalls and improves throughput under

heavier remapping loads.

Overall, the Remapping Controller continuously adapts

remapping decisions at runtime while exploiting the circular

structure of autoregressive execution to maximize transfer-

compute overlap and minimize synchronization overhead.

6 Evaluation

We evaluate Oneiros on NVIDIA GH200 systems using

Azure LLM inference traces, ShareGPT and Alpaca work-

loads, and multi-tenant model combinations built from OPT,

Llama-2, and Llama-3 models. We compare against vLLM [8]

and Pie [27], a recent KV-cache swapping system for GH200

platforms. Our evaluation focuses on tail latency (P99 TBT

and TTFT) and throughput under runtime KV cache pressure.

6.1 Oneiros Reduces Tail Latency

Figure 8 evaluates Oneiros under multi-tenant GPU sharing

environments using two representative model combinations.

Across all workloads, Oneiros consistently reduces both TTFT

and TBT tail latency while improving throughput relative to

vLLM. Under high request rates, existing systems exhaust

available KV cache and trigger recomputation, substantially

increasing tail latency. By dynamically reclaiming parameter

memory, Oneiros expands effective KV cache capacity and

avoids these recomputation stalls. Across the evaluated work-

loads, Oneiros reduces tail TBT latency by 44.8%–82.5%,

reduces tail TTFT latency by 74.8%–99.3%, and improves

throughput by 39.9%–86.7%. These improvements persist

across both temporal and spatial GPU sharing configurations,

demonstrating that parameter remapping remains effective

under diverse multi-tenant serving conditions.

6.2 Oneiros vs. KV Cache Swapping

We next compare Oneiros against Pie [27], which expands

KV cache capacity through KV-cache swapping. Figure 9

compares both systems on OPT-13b using the Alpaca dataset.

Compared to Pie, Oneiros reduces tail TBT latency by 35.0%,

reduces TTFT latency by 93.6%, and improves throughput by

47.1%. These improvements arise because parameter remap-

ping avoids the synchronization and bidirectional transfer

overheads of KV-cache swapping. Rather than continuously

writing updated KV cache contents back to CPU memory,

Oneiros relies on unidirectional parameter transfer, enabling

more efficient overlap between transfer and GPU execution.

Parameter remapping also provides greater flexibility in

multi-tenant serving environments. Inactive models may not

retain KV cache that can be swapped out, limiting the ef-

fectiveness of KV-cache swapping approaches. In contrast,

Oneiros can directly reclaim memory allocated to inactive

models, even when no KV cache is present.

6.3 Runtime Overlap and Adaptivity

Figure 10 evaluates the layer scheduling strategy used by

Oneiros. Using a single shared memory region minimizes

transfer traffic but introduces additional pipeline stalls as

remapping pressure increases. Double buffering better over-

laps parameter transfer with GPU execution and improves

throughput by up to 12.7%. We also evaluate the importance

of dynamic remapping adaptation. During low-load periods,

unnecessarily aggressive remapping can introduce transfer

overheads that outweigh its benefits. Oneiros therefore dynam-

ically restores remapped memory back for parameter storage

when KV cache pressure subsides. This dynamic reversion

mechanism reduces latency substantially during non-peak

periods while preserving the ability to absorb KV cache pres-

sure under peak load. Overall, the evaluation demonstrates

that the primary benefits of Oneiros arise from three factors:

avoiding recomputation under KV cache pressure, eliminating

synchronization overheads associated with KV-cache swap-

ping, and dynamically overlapping parameter transfer with

autoregressive execution.
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