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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
athttps://github.com/UT-SysML/Oneiros/ .

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

I'This article summarizes the key ideas and findings from our full SoCC’25
paper on Oneiros [10].
*Equal contribution.
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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 la 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
7x the CPU-GPU bandwidth of H100 [16] and 14 x 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 1: (a) Existing LLM systems perform recomputation

when KV cache is exhausted, leading to a significant increase
in latency under high request rates (OPT-13b with ShareGPT).
(b) CPU-GPU bandwidth in NVIDIA GPUs has increased
significantly since GH200, creating new opportunities for
memory extension.
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that increase serving latency and reduce throughput.

In this paper, we explore a different approach. We make
a simple observation: unlike KV cache, model parameters
remain unchanged during inference. This difference funda-
mentally changes how memory extension can be performed.
Instead of swapping KV cache itself, we propose dynamic
parameter remapping”, which repurposes a portion of GPU
memory allocated for model parameters to support larger KV
cache capacity at runtime.

Unlike KV cache swapping, parameter remapping is a non-
blocking, unidirectional transfer. It does not require parameter
writeback to CPU memory because model parameters remain
immutable during inference. This substantially simplifies syn-
chronization and memory management. Moreover, parameter
remapping is particularly well suited for multi-tenant LLM
serving. Models often remain idle for long periods without
incoming requests [28]. In this work, we exploit these idle
periods by reclaiming memory allocated to inactive models
and repurposing it as KV cache for active workloads.

Realizing parameter remapping efficiently, however, re-
quires solving several runtime systems challenges. The sys-
tem must determine when remapping should begin or stop,
which models should be targeted, how many layers should
be remapped, and which layers should share GPU memory
regions. These decisions depend on runtime load, request ar-
rival dynamics, and input sequence lengths [17,25,28]. Poor
remapping decisions can disrupt transfer-compute overlap,
increasing latency and reducing throughput.

We present Oneiros, a Dynamic Remapping Engine for
multi-tenant LLM inference serving systems. Oneiros dy-
namically and elastically adjusts KV cache capacity at layer
granularity based on runtime demand. To support efficient
remapping, Oneiros introduces a layer selection strategy that
exploits the circular execution structure of autoregressive de-
coding to overlap parameter transfer with GPU computation

2In this paper, swap refers to bidirectional data transfer to and from
CPU/GPU memory, whereas remap denotes unidirectional data transfer from
CPU to GPU memory.
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Figure 2: Both KV cache swapping and parameter remapping

expand effective KV cache capacity by using CPU memory as
an extension of GPU memory. KV cache swapping requires
synchronization because KV cache is continuously updated
during decoding. Parameter remapping instead uses unidirec-
tional transfers with negligible synchronization overhead.

while minimizing CPU-GPU traffic. Oneiros integrates with
existing LLM serving systems and remains compatible with
different scheduling policies and GPU sharing mechanisms.
We integrate Oneiros into vVLLM and evaluate it on GH200
systems. Compared to vVLLM, Oneiros improves throughput
by 7.9%-86.7% and reduces tail latency by 20.7%-99.3%.

2 Background

This section provides background on modern LLM infer-
ence serving and the memory bottlenecks that motivate dy-
namic parameter remapping.

LLM Inference Serving. LLM inference serving consists of
two phases: (1) the prefill phase, which processes the input
sequence in a single pass, and (2) the decode phase, which au-
toregressively generates one output token at a time. Figure 3
illustrates the execution flow of a typical GPU-based serv-
ing system [8]. GPU memory is primarily consumed by two
components: model parameters and KV cache [2,8,19,20].
Before inference begins, model parameters are transferred
from CPU memory to GPU memory. During decoding, KV
cache stores intermediate results from previously generated
tokens, avoiding redundant computation across token genera-
tions. As decoding progresses, KV cache grows dynamically
with both sequence length and batch size. Modern serving
systems therefore rely heavily on efficient KV cache manage-
ment. Performance is typically characterized by TTFT (time-
to-first-token), TBT (time-between-tokens), and throughput.
TTFT captures responsiveness, TBT reflects token generation
smoothness, and throughput measures the number of requests
or tokens processed over time.

Memory Bottlenecks in LLM Serving. As model sizes con-
tinue to grow, GPU memory increasingly becomes the primary
bottleneck in LLM serving. Memory pressure arises not only
from model parameters, but also from KV cache, whose size
depends on runtime factors such as request arrival patterns,
batch size, and sequence length [2, 8].

Recent systems therefore focus heavily on KV cache man-
agement [1,7-9,12,19,20]. For example, vVLLM uses Page-
dAttention [8] to dynamically manage KV cache pages during



[CPU DRAM \ /GPU HBM N GPU Compute

Parameters @ Parameters
(GBs) r=—1 (GBs)
Input Tokens @ Input Tokens @
(MBs) (MBs)
___________________ @ LLM
{ KV Cache |__ ] KV Cache Kernels
_______ (GBs).... cBs) ) O
Output Tokens @ Output Tokens @

/

(MBs) \ (MBs) / \
64/450 GB/s 3.3/4 TB/s

Figure 3: LLM inference serving on GPUs. Modern systems
such as GH200 significantly increase CPU-GPU bandwidth,
enabling CPU memory to act as a practical extension of GPU
memory during inference.

runtime. However, even with these optimizations, KV cache
usage remains difficult to predict ahead of time. When KV
cache demand exceeds available GPU memory, systems must
recompute key-value pairs, increasing serving latency and
significantly affecting tail performance.

This challenge becomes more severe in multi-tenant envi-
ronments, where multiple models contend for shared GPU
memory resources and runtime KV cache demand fluctuates
dynamically. As a result, preventing recomputation under
memory pressure remains a central challenge in LLM infer-
ence serving systems.

3 Motivation

This section examines how modern high-bandwidth CPU-
GPU systems change the design space for KV cache man-
agement in LLM inference serving. We compare three ap-
proaches for expanding effective KV cache capacity:

* CPU offloading [6], which offloads portions of attention
computation and KV cache storage to CPU memory.

* KV cache swapping [27], which swaps KV cache between
GPU and CPU memory during runtime.

» Parameter remapping (our approach), which dynamically
repurposes GPU memory allocated for model parameters
as KV cache capacity.

Modern systems such as GH200 provide sufficiently high
CPU-GPU bandwidth to make runtime memory extension
practical. However, efficiently exploiting this bandwidth re-
quires minimizing synchronization overhead and carefully
overlapping transfer with computation. As we show below,
these requirements fundamentally favor parameter remapping
over both CPU offloading and KV cache swapping.

3.1 Limitations of CPU Offloading

Prior work showed that offloading portions of attention
computation to CPUs can increase effective KV cache ca-
pacity and support larger batch sizes [6]. This approach was
particularly attractive on earlier systems where CPU-GPU
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Figure 4: (a) On modern high-bandwidth systems, parameter
transfer can become cheaper than CPU attention computation.
(b) GPU computation time varies dynamically with runtime
load, requiring remapping decisions to adapt online.

bandwidth was limited. However, modern systems such as
GH200 shift the bottleneck. Figure 4a compares CPU com-
putation time against parameter transfer time across different
batch sizes. On a GH200, CPU-GPU transfer becomes fast
enough that CPU computation itself emerges as the dominant
limitation. This changes the tradeoff fundamentally. Rather
than moving computation to CPUs, it becomes more efficient
to continue executing on GPUs while dynamically transfer-
ring a subset of parameters. As CPU-GPU bandwidth contin-
ues to increase, parameter remapping becomes increasingly
attractive.

3.2 Limitations of Swapping KV Cache

KV cache swapping takes a different approach by moving
KV cache itself between GPU and CPU memory [27]. Future-
layer KV cache can be temporarily evicted from GPU memory
and restored later when needed, increasing effective KV cache
capacity and reducing recomputation. However, KV cache is
continuously updated during decoding. As a result, swapping
requires frequent synchronization between CPU and GPU
memory. GPU memory cannot be reclaimed until KV cache
contents have been safely written back to CPU memory. These
bidirectional transfers disrupt transfer-compute overlap and
reduce effective CPU-GPU bandwidth.

We observe this effect directly in bandwidth measurements.
Unidirectional CPU-to-GPU transfers achieve substantially
higher bandwidth than bidirectional transfer patterns. We mea-
sured that when reads and writes occur simultaneously, ef-
fective bandwidth drops by roughly 15%, reducing overall
serving throughput. Thus, even though KV cache swapping
exploits higher CPU-GPU bandwidth, synchronization over-
head remains a fundamental limitation.

3.3 Our Proposal: Parameter Remapping

We instead propose dynamic parameter remapping, which
repurposes GPU memory allocated for model parameters as
KV cache capacity at runtime. Rather than swapping KV
cache itself, the system dynamically remaps parameter mem-
ory to absorb periods of high KV cache demand. The key
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Figure 5: Parameter remapping expands effective KV cache
capacity in both temporal and spatial GPU sharing scenarios.

observation behind parameter remapping is that model pa-
rameters remain immutable during inference. Unlike KV
cache, parameters do not require synchronization or writeback
once transferred. As a result, parameter remapping uses non-
blocking, unidirectional transfers that substantially simplify
runtime memory management. Figure 5 illustrates this oppor-
tunity in both temporal and spatial GPU sharing scenarios.
When two OPT-13b models share an H100 GPU, most GPU
memory is occupied by model parameters, leaving limited
space for KV cache. By dynamically reclaiming a portion
of parameter memory, the system can significantly expand
effective KV cache capacity and support larger runtime batch
sizes.

Parameter remapping is particularly effective in multi-
tenant serving environments. In production systems, many
models remain idle for extended periods [28]. Our work ex-
ploits these idle intervals by reclaiming memory allocated to
inactive models and repurposing it as KV cache for active
workloads. In contrast, KV cache swapping cannot reclaim
memory from inactive models when no KV cache is present.

3.4 Challenges in Parameter Remapping

Although parameter remapping avoids many of the syn-
chronization costs of KV cache swapping, it introduces a
new runtime systems problem: parameter transfer must be
carefully coordinated with GPU execution. Ideally, parameter
transfer overlaps completely with GPU computation. While
one layer executes on the GPU, parameters for future lay-
ers are transferred concurrently from CPU memory. How-
ever, even with GH200-scale bandwidth, parameter transfer
remains slower than fully on-demand execution. As a result,
only a fraction of parameters can be remapped dynamically
at runtime, while the remaining parameters must stay resident
in GPU memory. We refer to this fraction as the remapping
percentage. Efficient remapping therefore requires several
runtime decisions:
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When to remap? Remapping should be activated only when
KV cache pressure becomes sufficiently high. Even fully
pipelined transfer introduces overhead, making unnecessary
remapping harmful during low-load periods.

Which models to remap? In multi-tenant systems, inactive
models provide natural candidates for memory reclamation.
However, overly aggressive remapping can delay future re-
quests and increase tail latency.

How many layers to remap? The optimal remapping per-
centage depends on runtime load. Figure 4b shows that GPU
computation time varies with batch size, while parameter
transfer time remains relatively fixed. A static remapping pol-
icy therefore becomes inefficient across dynamic workloads.
Which layers to remap? The system must determine which
layers remain resident in GPU memory and which are trans-
ferred dynamically. Poor layer selection disrupts transfer-
compute overlap and reduces throughput. Efficient remapping
therefore requires coordinated runtime memory management
and layer scheduling.

4 Oneiros Design and Implementation

Oneiros is a dynamic remapping engine for multi-tenant
LLM inference serving systems. It elastically expands KV
cache capacity by repurposing GPU memory allocated to
model parameters. Figure 6 details Oneiros’s workflow, which
consists of three main components.

Metadata Store. The Metadata Store tracks model activity
and memory utilization. It maintains information about active
and inactive models, as well as KV cache usage and available
GPU memory capacity.

Remapping Controller. The Remapping Controller deter-
mines when parameter remapping should occur and which
models and layers should participate in remapping. When
GPU memory pressure increases, the controller reclaims pa-
rameter memory to expand KV cache capacity. When KV
cache demand decreases, the controller reverses the remap-
ping and restores parameter memory. The controller oper-
ates dynamically at runtime and coordinates closely with the
scheduler and memory allocator.

Async Transfer Engine. The Async Transfer Engine manages
parameter transfer between CPU and GPU memory. When
remapped parameters are needed for execution, the transfer en-
gine asynchronously reloads them from CPU memory while
GPU computation continues on other layers. Because autore-
gressive decoding executes layers in a deterministic order,
Oneiros can overlap parameter transfer with GPU computa-
tion and minimize transfer overhead.

Figure 6 illustrates the runtime workflow of Oneiros. The
scheduler selects active models for execution, while the mem-
ory allocator tracks parameter and KV cache usage. Using this
runtime state, the Remapping Controller determines whether
parameter remapping is necessary. If additional KV cache
capacity is required, the controller updates memory mappings
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Figure 6: Overview of Oneiros.

and triggers asynchronous parameter transfer. The GPU then
continues execution using the expanded KV cache space.

By dynamically reclaiming parameter memory at runtime,
Oneiros enables existing serving systems to support larger
batches and longer sequences while maintaining low synchro-
nization overhead. We implement Oneiros in vLLM using
asynchronous parameter transfer and virtual-memory-backed
KV allocation based on vAttention [20].

5 Runtime Remapping

The key challenge in parameter remapping is that KV cache
demand changes continuously at runtime. As request arrival
rates, sequence lengths, and model activity fluctuate, the sys-
tem must dynamically determine when remapping should
begin, how aggressively it should proceed, and which layers
should participate in remapping. These decisions directly af-
fect transfer-compute overlap, synchronization overhead, and
serving latency. Oneiros performs these decisions through
the Remapping Controller. Figure 7 illustrates the runtime
behavior of the controller across different phases of KV cache
pressure. Depending on system load, the Remapping Con-
troller may initiate remapping, reclaim additional parameter
memory, or restore previously remapped memory back for
parameter storage.

5.1 Runtime Remapping Policy

The Remapping Controller enables remapping only when
KV cache demand exceeds available GPU memory. Although
parameter remapping avoids the synchronization overheads
of KV cache swapping, parameter transfer still introduces
runtime overhead. As a result, remapping should occur only
during periods of high KV cache pressure.

In multi-tenant environments, the Remapping Controller
prioritizes reclaiming memory from inactive models before
reclaiming memory from active ones. Under temporal GPU
sharing, models scheduled for future execution are treated as
inactive. Under spatial sharing, all models remain active and
therefore participate jointly in remapping. When scheduler
priorities are unavailable, Oneiros applies a Most Recently
Used (MRU) policy to defer parameter reload costs as far into
the future as possible.
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The aggressiveness of remapping is determined dynami-
cally at runtime. Efficient remapping requires parameter trans-
fer to overlap with GPU computation; otherwise, transfer
stalls become a new bottleneck. Let Ty denote the transfer
time of a single layer and T¢gmpuse the available GPU compu-
tation window. To sustain overlap, the number of remapped
layers N must satisfy:

TT ‘N < TCompute (1)

Because GPU computation time changes with runtime
batch size and request load, the optimal remapping percentage
also changes dynamically. Aggressive remapping may intro-
duce unnecessary transfer overhead during low-load periods,
while conservative remapping may fail to prevent recompu-
tation during peak load. The Remapping Controller continu-
ously adapts remapping decisions online to maintain efficient
overlap between parameter transfer and GPU execution.

5.2 Circular Layer Scheduling

Selecting which layers to remap is equally important. The
Remapping Controller must determine which layers remain
resident in GPU memory and which layers share dynami-
cally transferred memory regions. We guide this decision by
exploiting the circular execution structure of autoregressive
decoding. During token generation, layers execute repeatedly
in the same order across successive decoding iterations. As a
result, the final layer of one token generation is immediately
followed by the first layer of the next.

Oneiros exploits this structure with a uniform-interval layer-
selection strategy. Evenly spaced layers are selected to share
GPU memory regions, maximizing the computation time be-
tween successive accesses to remapped layers and increasing
opportunities to overlap parameter transfer with GPU execu-
tion. Figure 7 illustrates this behavior using Model-C with
eight layers. When remapping a single layer, Layers 1 and 5
share a common GPU memory region while the remaining
layers remain resident in GPU memory. In contrast, selecting
Layers 1 and 8 would provide insufficient time to reload Layer
1 before it is needed again in the next decoding iteration.

We now formalize this intuition. Consider an n-layer model
where o layers are remapped dynamically. Suppose m layers
are transferred between CPU and GPU during each token gen-
eration, denoted by L1, Ls,...,L,. Let T7 denote parameter
transfer time for a single layer and 7;. the GPU computation
time for one layer. To fully overlap parameter transfer with
computation:

TTSmln(kl XE; Tty lefl XE; kaTL) (2)

where k; denotes the number of layers between consecutive
remapped layers.

Maximizing the overlap window under the constraint k; +
ko + -+ ky, = n yields:

ki=ky=-=kn (3
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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:

Trx(o+2)<T.xn 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,
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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.



—e— viim Oneiros —o— viim Oneiros —o— viim Oneiros
- Cl+alpaca C2+alpaca - Cl+alpaca C2+alpaca Cl+alpaca C2+alpaca
£0.20 0.20 % 50 o 1000
B 20 21500
20.10 0.10 E g po——s—s| 500 //’_‘
£ . § 0 o 21000

5 10 15 1 2 3 5 10 15 1 2 3 5 10 15 1 2 3
. Cl+sharegpt C2+sharegpt _ Cl+sharegpt C2+sharegpt Cl+sharegpt C2+sharegpt
8520 T e % » 1200
@ 0.15 = 100 P 750
o E25 §1000
2010 0.10 2 50 2 go0 S| 500

ey
10 20 10 20 a0 10 20 10 20 10 20 10 20

Request Rate Request Rate

Request Rate
(a) Oneiros reduces tail TBT latency.

(b) Oneiros reduces tail TTFT latency.

Request Rate Request Rate Request Rate

(c) Oneiros improves throughput.

Figure 8: Oneiros reduces latency and improves throughput compared to vLLM across multi-tenant workloads.

P99 TBT P99 TTFT Throughput
= 7501 —— vIlm
°o < Pie 91000
El.o I ;!lm ~| I 500] —— Oneiros a
= [ . = g —o— viim
205 el 9250 R 500 Pie
e o M —e— Oneiros

0.0 0
5 10 5 10 5 10

) Request Rate Request Rate . Request Rate
Figure 9: Oneiros reduces tail latency and improves through-

put relative to Pie.

P99 TBT P99 TTFT Throughput
. —— A
306 g B o
—— A [ —— C Blooo
@04 B E 100 <
o —— C o 304 — A
& 0.2 o & 500{ / B
o o 4 —— C
0
00 5 10 5 10 5 10
Request Rate Request Rate Request Rate

Figure 10: Double buffering (m = o -+ 2) improves overlap
between parameter transfer and GPU execution.

7 Discussion

Compatibility with Existing Serving Systems. Oneiros is
designed as a scheduler-independent memory engine and inte-
grates naturally with existing LLM serving systems. Because
parameter remapping operates outside the attention kernel
itself, it remains compatible with modern inference optimiza-
tions, including advanced attention kernels and existing GPU
sharing policies. When remapping reaches its runtime limit, it
can also complement CPU-offloading techniques by dynami-
cally balancing transfer and computation overheads.
Evolving Hardware and Workload Trends. Oneiros reflects
a broader shift in the assumptions underlying LLM serving
systems. Emerging platforms such as GH200 and GB200
substantially increase CPU-GPU bandwidth, making runtime
memory extension increasingly practical. At the same time,
multi-tenant and multi-agent inference workloads continue
to increase memory pressure through model co-location and
dynamic request patterns. Parameter remapping exploits both
trends by elastically reclaiming memory from inactive or un-
derutilized models while avoiding the synchronization over-
heads of KV-cache swapping.

Applicability Across GPU Platforms. Although Oneiros

is particularly effective on high-bandwidth systems, the ap-
proach remains applicable to lower-bandwidth GPU platforms
as well. In such environments, the runtime controller adap-
tively reduces remapping aggressiveness to preserve transfer-
compute overlap.

Relation to Prior Work. Prior work explored extending GPU
memory through CPU offloading and KV-cache migration,
primarily in training-oriented systems or single-model in-
ference settings [21-24,27]. Oneiros differs fundamentally
by treating immutable model parameters as dynamically re-
claimable memory capacity for multi-tenant inference serving.
This shift eliminates many of the synchronization costs as-
sociated with KV-cache swapping while enabling memory
reuse across co-located models.

8 Conclusion

We presented Oneiros, a dynamic remapping engine that
elastically repurposes model parameter memory to expand
KV-cache capacity for LLM inference serving. By exploit-
ing the asymmetry between immutable model parameters
and dynamically updated KV cache, Oneiros avoids many
of the synchronization overheads associated with K'V-cache
swapping while overlapping parameter transfer with GPU
execution. Our results show that parameter remapping sub-
stantially reduces tail latency and improves throughput under
multi-tenant GPU sharing.

More broadly, Oneiros highlights how increasing CPU-
GPU bandwidth fundamentally changes the design space of
memory management for LLM serving systems. As future
inference workloads become increasingly multi-tenant and
memory-intensive, dynamic memory remapping provides a
practical mechanism for improving memory elasticity without
introducing substantial synchronization overhead.
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