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Abstract

The rapid adoption of large language models (LLMs) has in-
creased the need for efficient multi-tenant inference systems that
maximize GPU utilization. However, existing frameworks struggle
to scale due to the high memory demands of model weights and key-
value (KV) caches. We present DYNAMOSERVE, a multi-tenant LLM
serving framework that addresses these challenges through three
key innovations: (1) leveraging stranded GPU memory to offload
model weights and KV caches, (2) mitigating resource fragmenta-
tion in multi-workload environments, and (3) improving memory
locality through coordinated data placement and demand-driven
weight migration across GPUs. Together, these techniques enable
high-throughput, low-latency inference. Experiments on state-of-
the-art models show that DYNAMOSERVE significantly improves
memory efficiency without sacrificing latency.
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1 Introduction

Large language models (LLMs) continue to scale rapidly in size,
driving significant improvements in performance and reasoning [4,
5]. However, the memory footprint of LLM inference comprising
model weights, KV caches, and intermediate state often exceeds
the high-bandwidth memory (HBM) capacity of a single GPU. Ex-
isting approaches such as model parallelism statically partition
model state across devices but fail to adapt to dynamic workload de-
mands. Alternatively, offloading to host memory or NVMe increases
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capacity but introduces high latency and bandwidth bottlenecks,
degrading inference performance.

These challenges are amplified in modern multi-tenant GPU clus-
ters, where heterogeneous workloads with asymmetric resource
demands must coexist. Compute-intensive CNN workloads often
underutilize GPU memory, while memory-intensive LLM work-
loads are constrained by capacity. As a result, clusters exhibit signif-
icant stranded GPU memory, where unused HBM on some devices
coexists with memory pressure on others [1, 15, 16]. Current sys-
tems largely rely on static allocation or device-local memory man-
agement. Although recent approaches support selective memory
sharing or offloading, efficiently leveraging unused GPU memory
across devices remains challenging, often leading to underutilized
capacity and memory bottlenecks.

Recent efforts have explored memory disaggregation and tiered
memory for ML workloads. FlexGen increases effective capacity by
offloading LLM state to CPU memory or NVMe, but suffers from
high data movement overheads due to limited interconnect band-
width [12]. Aqua supports peer-GPU memory offloading within
a node, but expands memory through a single designated peer
GPU rather than a distributed memory pool spanning multiple de-
vices [13]. Consequently, available HBM capacity across the cluster
may not be fully utilized. These limitations motivate systems that
can dynamically aggregate and manage memory across many GPUs
while preserving low-latency access.

Modern GPU clusters increasingly provide high-speed intercon-
nects, ranging from intra-node fabrics such as NVLink to inter-node
technologies such as RDMA. In this work, we focus on leveraging
unused HBM accessible through NVLink-connected GPUs, which
offers substantially lower access latency than conventional CPU-
memory offloading. However, effectively utilizing this resource
requires addressing several challenges: (i) how to aggregate and
allocate stranded memory across GPUs, (ii) how to decide which
LLM state to place on remote GPUs versus slower memory tiers,
and (iii) how to account for heterogeneous interconnect costs when
moving data across devices.

This paper argues that LLM inference systems should treat GPU
memory as a cluster-wide resource rather than a device-local con-
straint. By dynamically pooling memory across GPUs, a serving
system can decouple memory capacity from compute placement
and improve utilization without sacrificing performance.

To this end, we present DYNAMOSERVE, a multi-tenant LLM
serving system that enables opportunistic GPU memory pooling
across peer devices. DYNAMOSERVE transparently offloads LLM
state, including model weights and KV caches, to unused HBM
on peer GPUs using high-bandwidth interconnects. It incorporates
interconnect-aware placement and migration policies to minimize
data movement overheads while adapting to workload dynamics.
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In addition, DYNAMOSERVE supports fine-grained co-location of
compute-intensive CNN workloads and memory-intensive LLM
workloads using GPU sharing mechanisms such as NVIDIA MPS,

enabling simultaneous utilization of compute and memory resources.

Contributions. This paper makes the following contributions:

o We identify stranded GPU memory as a key inefficiency in
multi-tenant ML clusters with heterogeneous workloads.

o We design and implement DYNAMOSERVE, a system that dy-
namically pools GPU memory across devices and offloads
LLM state to peer GPUs using high-bandwidth interconnects.

e We develop interconnect-aware placement and migration
strategies that account for heterogeneous data transfer costs.

o We evaluate DYNAMOSERVE on representative multi-tenant
workloads and demonstrate improved memory utilization
and LLM inference performance over existing approaches.

2 Background and Motivation

LLM inference is fundamentally memory-bound. Model weights
can occupy tens of GBs, while KV-cache grows linearly with se-
quence length and request concurrency, quickly exhausting GPU
HBM capacity. For example, KV-cache storage can reach tens of GBs
for long-context inference, as shown in Figure 1 using the Moon-
cake trace [10]. Even on modern GPUs such as the NVIDIA H200
(144GB HBM), we observe sustained near-100% memory utilization
under realistic workloads, and in higher-load settings, requests are
rejected due to insufficient KV-cache capacity.

Table 1 further highlights that even moderately sized models
(e.g., OPT-13B) require tens of GBs for weights, with KV-cache in-
troducing substantial additional overhead at longer context lengths.
As a result, LLM inference systems frequently operate near mem-
ory capacity, leading to queuing delays, batching inefficiencies, or
request rejection under load.

Existing systems address these constraints using model paral-
lelism or offloading to host memory. Model parallelism introduces
significant communication overhead and reduces flexibility in multi-
tenant environments, while CPU/NVMe offloading is constrained
by lower bandwidth and higher latency [6, 12]. These approaches
are particularly inefficient in multi-tenant GPU clusters, where mul-
tiple models compete for shared memory and compute resources.

This motivates a design point where models that exceed single-
GPU memory capacity can still be executed efficiently by leveraging
unused high-bandwidth memory across peer GPUs within the same
NVLink-connected domain, reducing reliance on both model paral-
lelism and slow host-based offloading.

2.1 Leveraging Stranded GPU Memory

Multi-tenant GPU clusters exhibit significant memory fragmen-
tation, where memory pressure and underutilization coexist across
devices [1, 15, 16]. While this fragmented capacity exists in modern
systems, it is not exposed as a first-class abstraction in current LLM
serving frameworks.

DyNAMOSERVE leverages this opportunity by using unused high-
bandwidth memory (HBM) on peer GPUs within the same NVLink-
connected server as a transient extension of GPU memory for LLM
inference. This approach prioritizes intra-node GPU interconnects,
which offer substantially lower latency and higher bandwidth than

Tootaghaj et al.

Model Weights (GB) KV@2K KV@4K KV@8K
OPT-6.7B 13.4 0.58 1.15 2.30
OPT-13B 26 1.10 2.20 4.40
OPT-30B 60 2.64 5.28 10.56

Table 1: LLM memory footprint (weights + KV-cache growth).
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Figure 1: KV-cache pressure under bursty workloads [10].

alternative memory tiers such as CPU DRAM, NVMe, or scale-out
RDMA-based access.

Within this scope, DYNAMOSERVE dynamically aggregates avail-
able peer-GPU HBM and offloads LLM state, including model weights
and KV caches, across GPUs. It employs coordinated placement
and migration policies to adapt to workload dynamics and intercon-
nect topology, enabling efficient utilization of otherwise stranded
memory resources.

2.2 Modern multi-tenant LLM serving systems
3 DyNAMOSERVE Design

DyNAMOSERVE executes LLM inference on a designated GPU
while dynamically offloading portions of model state to unused
HBM on peer GPUs within the same NVLink-connected domain.
This design expands effective memory capacity without immedi-
ately resorting to model parallelism, thereby decoupling memory
availability from compute placement while keeping execution lo-
cal to a single GPU. Compared to CPU or NVMe offloading, peer
GPU memory offers significantly lower latency and higher band-
width, enabling efficient execution of models that exceed a single
GPU’s memory capacity while remaining within the aggregated
intra-node HBM budget. However, this design is not intended to
replace model parallelism entirely. Instead, DYNAMOSERVE operates
in a regime where memory expansion is sufficient to avoid or de-
lay model parallel execution, which typically introduces additional
communication and compute overhead. When memory demands
exceed available peer-GPU capacity, model parallelism remains a
necessary fallback mechanism.

The primary objective of DYNAMOSERVE is to minimize end-
to-end inference latency under SLO constraints while improving
cluster-wide GPU memory utilization. By prioritizing memory ex-
pansion over model parallelism when feasible, DYNAMOSERVE pre-
serves compute resources on other GPUs for concurrent workloads,
making it well-suited for multi-tenant environments.
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Figure 2: System Architecture.

Design Challenges. Key challenges include: (i) limited local mem-
ory due to KV-cache growth, (ii) transfer overheads for remote
memory access, (iii) heterogeneous interconnect costs (e.g., NVLink
vs. PCle), and (iv) interference among co-located workloads. These
challenges motivate a controller-driven design that jointly manages
memory placement and compute allocation.

3.1 DyNaAMOSERVE Architecture

DyNAMOSERVE consists of (1) a centralized controller responsible
for global decisions, and (2) distributed offloading engines (OE) on
each GPU that execute these decisions.

Controller. The controller maintains a cluster-wide view of GPU
memory capacity, compute utilization, and interconnect topology.
It identifies opportunities for leveraging underutilized GPU mem-
ory when available, but does not assume the existence of stranded
memory or heterogeneous workload imbalance. When such oppor-
tunities arise, the controller determines placement of LLM state
across memory tiers (local GPU, peer GPU, CPU, and NVMe) to
minimize latency while satisfying SLO constraints.

Upon memory pressure, the controller evaluates placement op-
tions and selects targets based on available capacity and estimated
data movement cost. These decisions are made off the critical path
and are periodically updated as workload and resource conditions
evolve.

Offloading Engine. Each GPU hosts an OE that manages lo-
cal memory and data movement. Upon memory pressure (e.g., KV
cache growth), the OE reports demand to the controller and exe-
cutes placement decisions via direct GPU-to-GPU transfers. Trans-
fers prioritize high-bandwidth links (e.g., NVLink) and avoid CPU
involvement.

A key mechanism is demand-driven weight migration. The OE
tracks layer execution order and access patterns to determine which
weights should reside locally versus remotely. Frequently accessed
layers are kept close to the executing GPU, while less critical states
are evicted to peer GPUs with available capacity. Data transfers
are performed asynchronously using separate CUDA streams to
overlap communication with computation, reducing stall time.

By keeping data movement within GPUs and avoiding host or
cross-node communication, DYNAMOSERVE reduces latency com-
pared to CPU- or NVMe-based offloading and efficiently utilizes
available intra-node GPU memory capacity across devices.
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3.2 Memory Management Policy

The controller determines how to place model state across het-
erogeneous memory tiers to minimize latency while satisfying SLO
constraints.

We consider a stream of inference requests R, which are pro-
cessed online as they arrive. At each decision epoch, the controller
uses the set of active requests within the current scheduling window,
along with system state, to determine memory placement decisions.
We define the memory tiers M = {local GPU, peer GPU, CPU, NVMe}.

This optimization is solved periodically over a sliding scheduling
window ¢, and decisions are updated as requests arrive and complete.
The system does not assume knowledge of future requests, and
no global re-optimization or request migration across completed
placements is performed beyond the active window.

Each request r € R consists of model weights (W,), KV cache
(Ky), and activations (A,), with corresponding sizes SrW R Sf( ,and S;“.

We define decision variables:

%, € [0,1],

representing the fraction of component ¢ € {W, K, A} for request r
placed in memory tier m, subject to:

Z Xim =1 Vrec.
meM
Each memory tier has capacity constraints:
DD xS <Cw VmeM.
reR; ce {W,K,A}

where R, denotes the set of active requests observed within a sched-
uling window t, reflecting the online nature of the system.
We model transfer cost using a latency-bandwidth formulation:

Z fo,m'frc’(Dm"'%),

ce{W,K,A} meM

TransferCost, =

where Dy, and By, denote the latency and bandwidth of memory
tier m, and f, is the observed access frequency of component ¢
during execution.

We estimate compute time Compute, using either (i) offline pro-
filing of the model under representative workloads or (ii) runtime
measurements from prior executions of the same model under sim-
ilar batch configurations.

Total latency is:

Latency, = Compute, + TransferCost,,
and must satisfy:
Latency, < SLO, Vr.

The controller minimizes aggregate latency:

min Z w, - Latency,.
reR
where w, is a priority or fairness weight assigned to request r.
This optimization is solved periodically over a sliding scheduling
window ¢, and decisions are updated as requests arrive and complete.
The system does not assume knowledge of future requests, and
no global re-optimization or request migration across completed
placements is performed beyond the active window.
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3.3 Allocation of Compute with Co-location

In addition to memory placement, DyNAMOSERVE allocates GPU
compute across concurrent workloads using mechanisms such as
NVIDIA MPS. Each workload is assigned a fraction of GPU compute,
enabling safe co-location.

Rather than solving a complex optimization online, DYNAMOSERVE uses

profiling-guided allocation. Specifically, we observe that each model
exhibits a saturation point beyond which additional compute yields
diminishing improvements in throughput or latency. This satu-
ration point is estimated either through offline profiling or via
short online calibration runs when a model is first deployed. Dy-
NAMOSERVE allocates GPU compute up to this estimated saturation
point, avoiding over-provisioning while enabling efficient sharing
of GPU resources across workloads. This allocation is periodically
updated as workload characteristics evolve. This approach is par-
ticularly effective for CNN-LLM co-location: CNNs are compute-
intensive, while LLMs are primarily memory-bound. By allocating
compute based on observed scaling behavior, DyNAMOSERVE allows
both workloads to operate near peak efficiency while fully utilizing
GPU resources.

4 Evaluation

To evaluate the performance of our proposed approach, we de-
veloped a prototype and deployed it on a cluster consisting of eight
V100 GPUs. For our experiments, we use the OPT-30B model in a
multi-GPU setup. The system configuration is as follows: (1) CPU:
2 x Intel(R) Xeon(R) Gold 6248 CPUs @ 2.50GHz, (2) Memory: 768
GB RAM, (3) GPUs: 8 x NVIDIA V100-SXM2-32GB (32GB HBM2)
GPUs connected via NVLinks (both NV1 and NV2) shown in Fig-
ure 3. The offloading engine of DYNAMOSERVE is implemented both
on top of the FlexGen [12] and vLLM [14] inference serving en-
gines. While FlexGen and vLLM enable the swapping of weights
and token states to CPU DRAM during LLM inference when GPU
memory is a constraint, it is limited to a single-node setup and lacks
dynamic memory management. To address this gap, we extended
FlexGen and vLLM by integrating the ability to offload data to peer

GPU memory on the same node.
For our experimental evalu-

ation, the resource allocation
and offloading decisions are
derived analytically and imple-
mented manually rather than
using a general-purpose LP
solver. This design choice is
intentional, as our testbed is
small and fixed-scale, allowing
us to focus on system behav-
ior and performance impacts
without introducing solver
overhead. Scaling the formu-
lation to larger clusters and automated solvers is left for future

HPE Apollo 6500 Gen10
with 8 V100 GPUs

Figure 3: System testbed.

work.

4.1 Profiling CNN Scaling Behavior under MPS

In this set of experiments, we profile the compute scaling behav-
ior of representative workloads under NVIDIA MPS to identify their
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Figure 4: Throughput scaling and knee points for CNN in-
ference workloads under MPS.
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Figure 5: Knee points for latency and throughput for the
OPT-30B LLM under MPS.

saturation points. We first consider three widely used CNN models
spanning a range of computational intensities: MobileNetV2 (small),
ResNet-50 (medium), and ResNet-152 (large). For each model, we
vary the MPS active thread percentage from 10% to 100% and mea-
sure steady-state inference throughput. Figure 4 shows that differ-
ent CNN models exhibit distinct scaling behaviors. MobileNetV2
saturates early, achieving near-peak throughput at approximately
30% of SMs, whereas ResNet-50 continues to scale up to around
60% SM allocation, and ResNet-152 requires roughly 70-80% of SMs
to approach saturation. Beyond these knee points, additional com-
pute provides diminishing returns, highlighting opportunities for
safe co-location. We extend this analysis to large language models
by profiling the OPT-30B model under MPS. Figure 5 shows the
knee points for both latency and throughput. Similarly to CNNs,
OPT-30B also shows clear saturation points where allocating SMs
beyond a model’s knee point leads to wasted compute capacity that
can be reclaimed for co-located workloads without significantly
impacting CNN performance. DYNAMOSERVE leverages this obser-
vation by using profiling-derived saturation points as recommended
compute budgets for each workload class. Specifically, each work-
load is assigned a model-specific SM budget corresponding to its
knee point, which serves as a target operating point rather than a
strict upper bound. This budget is used in the compute allocation
policy to avoid over-provisioning compute to workloads already
operating in the saturated regime, while preserving headroom for
co-located workloads. Importantly, workloads are not forced to op-
erate beyond their knee point; instead, allocations beyond this point
are considered low marginal utility and are deprioritized in favor
of improving overall GPU utilization and co-location efficiency.
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4.2 LLM-CNN Co-location

We evaluate DYNAMOSERVE ’s ability to co-locate compute-intensive
CNN workloads and memory-intensive LLM inference using profiling-
derived saturation points and MPS-based SM partitioning. We
compare against two baselines: (i) a time-sharing (TS) baseline,
where workloads are executed sequentially on the GPU via tem-
poral multiplexing, and (ii) an isolated execution baseline, where
each workload runs independently on a dedicated GPU without
any co-location or resource sharing (Solo). Figure 6 summarizes the
results.

Under time sharing, LLM inference experiences increase in la-
tency and a corresponding reduction in throughput compared to
solo execution. While the absolute degradation is limited, it re-
flects the inherent inefficiency of coarse-grained scheduling, where
execution is periodically interrupted and forward progress is un-
even. In contrast, DYNAMOSERVE ’s MPS-based co-location pre-
serves near-solo LLM performance. When SMs are allocated ac-
cording to the LLM’s profiling-derived knee point, both latency and
throughput closely match solo execution. This demonstrates that
DyNAMOSERVE provides sufficient compute resources to the LLM
while avoiding unnecessary interference from the co-located CNN.
CNN throughput exhibits a similar trend. Time sharing introduces
small but consistent overheads due to reduced effective GPU utiliza-
tion. With MPS-based sharing, CNN throughput remains close to its
solo baseline, indicating that DYNAMOSERVE avoids over-allocating
SMs beyond the CNN’s saturation point while maintaining high
efficiency. Although the performance differences between time
sharing and MPS-based co-location are small, they are consistent
across workloads. More importantly, MPS-based allocation provides
predictable, near-solo performance for both workloads while en-
abling concurrent execution. These results validate DYNAMOSERVE
’s design choice of using profiling-derived knee points to guide SM
allocation, enabling efficient and interference-aware co-location
without sacrificing performance stability.

4.3 Peer-GPU Offloading for Insufficient
Single-GPU Capacity Scenarios

We next evaluate DYNAMOSERVE against FlexGen and Aqua in a
scenario where the LLM’s model weights and KV cache cannot fit
within the memory of any single GPU, but can fit when aggregat-
ing the unused memory of multiple peer GPUs. This experiment
highlights the limitations of existing offloading mechanisms and
the benefits of DYNAMOSERVE ’s fine-grained peer-GPU memory
pooling. In this setup, all three systems are configured to offload
OPT-30B’s parameter model state when local GPU memory is in-
sufficient. FlexGen and Aqua both require that the offloaded model
state fit entirely within a single remote memory tier. As a result,
when no individual peer GPU has sufficient free memory to hold
the full model state, both systems fall back to host CPU memory.
In contrast, DYNAMOSERVE can distribute LLM state across multiple
peer GPUs, leveraging their aggregated stranded HBM capacity.
Figure 7 summarizes the performance of the three systems. Dy-
NAMOSERVE significantly outperforms both baselines in terms of
both throughput and latency. Compared to FlexGen and Aqua, Dy-
NAMOSERVE achieves substantially lower inference latency and more
than doubles token throughput. Moreover, DYNAMOSERVE attains
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markedly higher GPU utilization, indicating that it is able to effec-
tively exploit available GPU resources rather than relying on slow
host memory. Aqua improves upon FlexGen by reducing CPU of-
floading overhead when a suitable peer GPU is available. However,
in this experiment, Aqua is unable to utilize peer GPU memory
because no single GPU has enough capacity to accommodate the
full model weights and KV cache. Despite sufficient aggregate GPU
memory across the node, Aqua’s single-producer-single-consumer
offloading abstraction forces it to spill excess state to CPU memory,
incurring high latency and limiting throughput.

When KV cache size is small (e.g., short contexts), DYNAMOSERVE keeps

the entire KV cache and activations in local GPU memory and of-
floads only model weights to peer GPUs. As sequence length grows,
KV cache is gradually spilled to peer GPUs.

5 Related Work

The widening gap between accelerator compute throughput
and on-device memory capacity has made memory management
a central challenge for large model training and inference. Prior
work addresses this through model parallelism, memory offloading,
memory-centric scheduling, and disaggregated memory systems.

CPU and NVMe Offloading. Systems such as FlexGen [12], ZeRO-
Offload [11], and HeteGen [18] extend memory capacity by offload-
ing to CPU or storage. Although they enable larger models, they
incur significant latency and bandwidth penalties due to slower
memory tiers and are typically limited to single-node execution. In
contrast, DYNAMOSERVE leverages peer GPU memory as a lower-
latency alternative.

Memory-Centric Scheduling. Aqua [13] improves utilization un-
der oversubscription via memory-aware scheduling. However, each
model is primarily associated with a single GPU, with limited use of
peer-GPU memory and CPU fallback under pressure. DYNAMOSERVE
instead aggregates idle GPU memory across devices within a node
to enable more flexible placement of model state.

Memory Disaggregation. Memory disaggregation has been ex-
plored in distributed systems and enabled by high-speed intercon-
nects such as NVLink and CXL [2, 3, 7, 8]. These systems demon-
strate remote memory access across devices, but do not address the
latency-sensitive access patterns of LLM inference. DYNAMOSERVE
adapts these ideas to GPU-to-GPU memory sharing for inference
workloads.

LLM Inference Systems. LLM serving systems focus on batching,
scheduling, and KV-cache optimization [9, 17], typically assuming
model state resides in local GPU memory. Our work is comple-
mentary, targeting memory capacity limitations via intra-node
distributed GPU memory.

In summary, prior work has explored offloading to slow mem-
ory tiers and memory-centric scheduling, but none fully exploit
stranded peer GPU memory as a low-latency, cluster-local offload-
ing tier for LLM inference. DYNAMOSERVE fills this gap by dynami-
cally aggregating GPU memory across devices, enabling scalable
and efficient inference under multi-tenant workloads.
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Figure 6: DYyNAMOSERVE’s memory offloading has a negligible effect on the peer GPU’s CNN, and only slightly reduces the
performance of the LLM whose memory is being offloaded (vs. "solo" execution on a single GPU with sufficient memory). MPS
multiplexing with fixed (knee) GPU percentage nearly eliminates the overhead vs. coarser-grained time slicing.
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Figure 7: By offloading to the memory of multiple peer GPUs, DYNAMOSERVE improves latency, throughput, and utilization vs.
FlexGen. Aqua is unable to achieve a similar benefit in this experiment: no single peer GPU has enough free memory, so Aqua

offloads to DRAM over PCle.

6 Conclusion

The rapid growth of LLM inference workloads has outpaced
the memory capacity of modern accelerators, especially in multi-
tenant GPU clusters where fragmentation and interference are
inherent. This paper presented DYNAMOSERVE, a peer-GPU offload-
ing framework that treats remote GPU memory as an elastic ex-
tension of local memory. By leveraging stranded memory on co-
located GPUs and using high-bandwidth NVLink for data transfers,
DyNAMOSERVE enables large-model inference without the over-
heads of CPU or NVMe offloading. Our dynamic weight migra-
tion and locality-aware prefetching policies reduce communication
stalls, while our disaggregated prefill/decode execution model im-
proves utilization and fairness compared to rigid tensor-parallel
approaches. Across a range of models and workloads, DYNAMOSERVE
delivers substantial gains in memory efficiency and scheduling flex-
ibility while maintaining competitive end-to-end latency.
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