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Abstract
Large language model (LLM) systems increasingly rely on
techniques such as prefill–decode disaggregation, KV-cache
offloading, and computation–communication overlap. These
optimizations often treat GPU interconnects as best-effort
substrates, overlooking contention across shared PCIe, NVLink,
and RDMA fabrics. We characterize GPU-fabric contention
in LLM workloads and find that hardware arbitration can
impose implicit priorities across traffic classes, causing com-
munication to interfere with computation and other data
movements. In particular, GPU-to-GPU NVLink communi-
cation can interfere with GPU memory access, while GPU-
direct RDMA can contend with host–device transfers over
PCIe. Based on these observations, we advocate a vision
for software-defined GPU fabric scheduling and present
GPUWeaver, a context-aware communication scheduler that
monitors application progress and fabric state, identifies con-
tention, and dynamically regulates communication injection
according to application performance goals. Our study high-
lights the opportunity to make GPU fabrics actively managed
resources for efficient and predictable LLM systems.

CCS Concepts
• Computer systems organization → Heterogeneous
(hybrid) systems; Interconnection architectures; • Net-
works→ Network performance analysis; Data center net-
works.
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1 Introduction
LLMs are pushing GPU clusters into a new regime where
the GPU fabric is a first-class system resource [32, 36]. Un-
like traditional DL workloads with moderate transfers, LLM
pipelines generate high-volume traffic across heterogeneous
links (NVLink, PCIe, and GPUDirect RDMA) [31, 44]. LLMs
also expand the working set from “small and mostly static”
to “large and stateful” (Table 1): beyond GB-scale parameters,
they maintain hundreds of GBs of runtime state (e.g., KV
cache) that must be created and accessed at runtime [20, 34].
This breaks the traditional assumption that a single GPU
(e.g., H100) can easily hold a whole AI model [8, 30, 36]. As
a result, LLM workloads increasingly depend on how effi-
ciently the system places and transfers parameters and state
across GPUs and hosts—requiring a fabric that offers not just
bandwidth, but also predictability and hardware efficiency.

This shift has driven LLM infrastructure techniques such
as disaggregation [33, 44], parallelism [28, 36], compute-
communication overlap [43], and collective communication
optimization [16, 45]. However, these systems often treat
the GPU fabric as a best-effort black box. This creates a con-
text gap between what LLM workloads need—service level
objectives (SLO) and phase-specific goals in LLM pipelines—
and what the fabric actually provides: shared hardware re-
sources with complex contention behaviors (Figure 1). With-
out fabric-aware coordination, LLM runtimes could show
high nominal GPU activity yet still experience utilization
cliffs, unpredictable slowdown, and costly overprovisioning
in AI datacenters.
In this paper, we argue for a vision we call software-

defined GPU fabric scheduling: modeling GPU fabric use
as an explicit scheduling problem—not an emergent side
effect—so LLM jobs and their pipeline phases can coordinate
to optimize global objectives. Basically, LLM tasks (or phases)
are not uniformly urgent: tasks with slack (e.g., background
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Model / HW Params Runtime State Takeaway

ResNet-50(DL) 45MB Act@2048: 4GB Small & static
Llama3.1-405B(LLM) 810GB KV@128K: 123GB Large & stateful
Qwen3-Max(LLM) >2000GB KV@262K: 88GB Large & stateful
H100(GPU) L2 50MB HBM 80GB –

Table 1: DL vs. LLM footprint shift (BF16/FP16).

state movement) can yield GPU fabric resources to latency-
critical tasks with tight deadlines, enabling SLO-aware shar-
ing rather than best-effort contention. Realizing this vision
requires elevating the GPU fabric from “plumbing” to a man-
aged resource, much like how OS schedulers manage CPU
and memory rather than leaving it to uncoordinated pro-
cesses. Concretely, GPU fabric should expose control knobs
(e.g., NVLink pacing) and valuable signals (e.g., GPUmemory
bandwidth usage) to a scheduler, and the scheduler should
be able to automatically adjust control knobs reacting to
relevant signals, driven by the objectives of LLM tasks. This
would allow LLM tasks to share GPU fabric resources coop-
eratively, delivering predictable LLM performance without
sacrificing high GPU utilization. Prior work has exposed
otherwise rigid network mechanisms for software-defined
traffic control [24] and scheduling of RNIC resources [14];
GPUWeaver extends this idea to heterogeneous GPU fabrics.
Achieving this vision raises several challenges. First, we

must explain why current LLM deployments struggle: iden-
tify when LLM jobs or phases violate their goals and attribute
slowdowns to specific root causes in GPU fabric resource
contention across LLM tasks and phases. This requires a deep
understanding on the intrinsic microarchitectural behaviors
of GPU fabrics under realistic LLM I/O patterns. Second,
we must connect root causes to reusable primitives: deter-
mine which signals are predictive and practical to gather,
and which control knobs are feasible to enforce. Unlike CPU
scheduling, not all GPU fabric resources expose direct ac-
tionable controls; an effective design must combine direct
controls where available with indirect knobs such as pacing
and traffic shaping at appropriate software boundaries. Fi-
nally, we need a mapping layer that translates global and
LLM task specific objectives (e.g., SLOs and phase properties)
into timelymicroarchitecture-level scheduling strategies that
can be enforced for existing LLM stacks transparently.

We present GPUWeaver, a lightweight runtime framework
toward this vision, grounded in two kinds of GPU fabric con-
tentions that increasingly dominate LLM deployments (§3):
high-bandwidth memory (HBM) contention, where NVLink-
driven accesses interfere with local GPU memory traffic
and silently throttle compute, and PCIe contention, where
GPUDirect RDMA competes with GPU⇔CPU data move-
ment (e.g., KV cache CPU offload), breaking overlap assump-
tions and amplifying tail latency with degraded through-
put. Based on these insights, GPUWeaver (1) characterizes
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Figure 1: Resource contentions in LLM deployments.

GPU memory and PCIe contention with controlled measure-
ments, exposing their microarchitectural root causes and
implicit priority behaviors (§3); (2) provides a closed-loop
runtime that lets applications register prioritized commu-
nication flows, observes fabric and application signals, and
adjusts software-visible control knobs to regulate communi-
cation injection (§4.1); and (3) demonstrates an integrated
vLLM+Mooncake case study using Qwen3-8B and request
shapes from a real Codex/SWE-bench Pro trace, reducing
mean TTFT by 2.4–6.1% and the PD KV transfer flow time
by 19.4–34.4% (§4.2).

This work does not raise any ethical issues.

2 Background
In this section, we further demonstrate the trend of GPU
fabric resource sharing in LLM stacks, discuss the major lim-
itations of existing efforts, and explore an operating point—
software-defined GPU fabric scheduling.

2.1 GPU Fabric Sharing in LLMWorkloads
To improve hardware utilization, modern AI and LLM stacks
increasingly adopt system-level optimizations, following a
broader trend toward disaggregated AI serving [15, 26, 44].
These efforts include offloading the runtime state (e.g., KV
cache) from GPU high bandwidth memory (HBM) to host
memory [3, 18, 37, 40] or remote storage [46, 47], colocating
multiple LLM instances on the same multi-GPU server (e.g.,
a chatbot alongside a document assistant in Figure 1(a)) [5,
7, 41], overlapping compute and communication for LLM
operator parallelisms (Figure 1(b)) [25, 42, 43], and disaggre-
gating inference into separate prefill and decode workers
that may run on different GPUs or even different servers
(Figure 1(c)) [33, 44]. These efforts inherently lead to GPU
fabric sharing across tasks with various objectives: KV trans-
fer between two servers are typically latency-critical (the
lower the latency, the better), while background activities
such as KV cache offloading are often best-effort yet still
consume substantial GPU fabric resources.
When co-existing tasks share the same GPU fabric, they

inevitably interfere with one another as they concurrently
contend for shared hardware resources. Specifically, GPU
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HBM can be accessed by local GPU compute units for LLM
operator compute, or by NVLink for moving state to a neigh-
boring GPU; a PCIe link is shared by GPU↔CPU trans-
fers and GPU↔RDMA NIC (RNIC) transfers via GPUDi-
rect RDMA, which extends RDMA-based direct memory ac-
cess [10, 11, 23] to GPU memory. When LLM tasks use them
concurrently, these components can independently cause
resource contention. For example, a latency-sensitive RDMA-
based KV transfer flow between prefill and decode servers
may be colocated with a periodic best-effort KV cache offload
from GPU to CPU memory [34, 38, 40]. The offload traffic
can consume substantial PCIe bandwidth, thereby delaying
the PD KV transfer flow and inflating serving latency such
as TTFT.

2.2 Why Existing Approaches Fall Short
Despite rapid progress in LLM systems, most systems re-
main workload-centric. They optimize overlap and execution
scheduling within a job [2, 9, 21], and thus lack a principled
design to orchestrate various LLM tasks. This exposes three
limitations:
(1) Limited fabric-centric control. Existing schedulers
and software-defined networking abstractions primarily rea-
son about which compute/communication stages to run and
when [13, 29, 39], but rarely control how different traffic
classes are injected into shared arbitration domains (e.g.,
PCIe switch hierarchies). As a result, they cannot explicitly
coordinate competing flows on the shared fabric and must
rely on indirect workload-level decisions [1].
(2) Opaque and largely immutable arbitration. Once
requests are injected into a shared domain (e.g., the PCIe hi-
erarchy or GPU memory subsystem), effective service order
and priority are largely determined by hardwaremechanisms.
Such opaque resource interactions have also been observed
in RDMA subsystems [19] and unified-memory edge plat-
forms [27]. Practical Quality-of-Service (QoS) controls are
limited and often insufficient to enforce application-level
criticality under contention [35, 38].
(3) Reactive, coarse-grainedworkarounds. Prior approaches
mainly mitigate interference by blocking overlap, throttling
at coarse granularity, or applying stream-level prioritiza-
tion, rather than scheduling the fabric itself to recover la-
tent bandwidth and align resource allocation with demand
[1, 4, 21, 22].
A new operating point: GPU fabric scheduling. These
limitations motivate a software-defined GPU fabric schedul-
ing framework called GPUWeaver that (i) allows LLM tasks
to express explicit intent (e.g., performance objectives and
QoS level), (ii) timely perceives impending resource con-
tentions and reasons about their root causes, and (iii) applies
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Figure 2: Contention between memory access and
NVLink transfer.

scheduling policies through software-visible control knobs
to improve fabric sharing efficiency.

3 Fabric Contentions
We present two forms of fabric contention that we observe in
modern GPU clusters, along with controlled measurements
that expose their microarchitectural behavior and severity.

Use of AI tools. OpenAI Codex with was used to assist
in writing benchmarking and plotting scripts for the exper-
iments reported in this paper. The authors reviewed and
tested all AI-assisted code and independently verified the
experimental data, plots, and reported results.

3.1 GPU Memory Contention
Computation in the streaming multiprocessor (SM) involves
memory requests for GPU’s HBM. Inter-GPU communica-
tion is enabled by NVLink, where dedicated DMA copy en-
gines are responsible for transferring data between the HBM
and the NVLink interface in both directions. Consequently,
computation and communication inject traffic into the same
on-chip interconnect and off-chip HBM, leading to resource
contention [6], as illustrated in Figure 2.
Root cause: Contention emerges because memory requests
issued by SMs and DMA transfers from copy engines com-
pete for shared resources within a unified arbitration domain.
First, the interconnect fabric of L2 cache provides limited
bandwidth and constrained arbitration capacity, such that
simultaneous bursts from SMs and DMA engines are com-
peting at L2 fabric. Second, memory controllers maintain
request queues with fixed capacity. Co-locating SM and DMA
transactions within these queues can generate back-pressure
and pipeline stalls as occupancy increases, thereby degrading
effective throughput for both traffic streams.
Contention characterization. We characterize GPU mem-
ory contention by concurrently executing a memory access
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Figure 3: HBM and NVLink effective bandwidth degra-
dation under contention.

kernel and an NVLink communication kernel on a DGX–
H100 server. Both kernels are launched in parallel on GPU A
using separate CUDA streams to enable overlap. Thememory
access kernel generates interleaved read and write opera-
tions to contiguous memory locations, specifically loading
a 128-byte cache line from HBM and subsequently writing
it back to the same region, thereby sustaining streaming
memory traffic. The NVLink communication kernel invokes
the CUDA runtime API cudaMemcpyPeerAsync to perform
a bidirectional peer-to-peer data transfer between GPU A
and GPU B.

We sweep both memory access and NVLink transfer buffer
sizes from 128 MB to 4 GB. The bi-directional NVLink trans-
fer uses such buffer size in each direction. Specifically, we
evaluate a two-dimensional grid in which the memory access
size and the NVLink transfer size independently take values
from 128 MB to 4 GB. For each (HBM, NVLink) pair, three
scenarios are measured: (1) an isolated HBM baseline with
only the memory access kernel active, (2) an isolated NVLink
baseline with only the NVLink communication kernel ac-
tive, and (3) a concurrent execution in which both kernels
run simultaneously. Contention is reported as a percentage
degradation,

Degradation(%) = 100 ×
(
1 − BWcontended

BWisolated

)
,

where normalization is performed against the corresponding
isolated baseline for the metric under consideration.

The results are shown in Figure 3. Across the 6 × 6 sweep
(128 MB–4 GB), the two heatmaps indicate that contention
is primarily governed by the temporal overlap between the
GPU’s local memory access and NVLink transfer.
HBM shows a triangular plateau in the upper-right and

near-diagonal regions, where comparable or longer NVLink
transfers impose sustained copy-engine pressure and reduce
HBM throughput by roughly 20%, while shorter NVLink
transfers in the lower-left region cause only about 3–10% loss
due to limited overlap. NVLink degradation follows an ap-
proximately transposed pattern, reaching around 20% when

Server A
CPU / Root Complex

Server B

PCIe Switch (upstream)

GPU0 GPU1RNIC 0 RNIC 1

Shared
Bottleneck

RNIC 0' RNIC 1'

Write

Host to Device

Figure 4: PCIe contention topology. Blue: NIC→GPU
GPUDirect RDMA write. Red: CPU→GPU H2D. Both
contend on the same GPU-side PCIe segment.

short transfers are fully overlapped by long-running mem-
ory accesses, but falling to 0–1% when the memory kernel
finishes early and the transfer proceeds mostly uncontended.
Along the matched-duration diagonal for sizes ≥ 256 MB,
HBM consistently degrades more than NVLink, with NVLink
typically limited to about 5–7%, suggesting that NVLink traf-
fic retains a service advantage under full overlap. The anoma-
lous 29% HBM degradation at 128 MB likely reflects small
working-set or non–steady-state effects outside the stable
streaming regime.

3.2 PCIe Contention
Modern GPU servers place GPUs and RDMA NICs under the
same PCIe fabric. As Figure 4 shows, two traffic classes may
concurrently share the PCIe: (i) GPU↔CPU host-device data
movement, and (ii) NIC↔GPU communication via GPUDi-
rect RDMA (GDR), where the NIC directly reads/writes GPU
memory. PCIe provides low bandwidth, and thus is more
likely to become a bottleneck when host-device movement
and RDMA traffic occur simultaneously. Prior work has also
explored PCIe as a low-latency interconnect for rack-scale
communication [12], further highlighting the importance of
understanding PCIe behavior as systems increasingly rely
on it for accelerator and network I/O.
Root cause: contention on a shared PCIe segment. As
Figure 4 illustrates, the RDMA write stream is initiated by
Server B and writes directly into Server A’s GPU memory via
GDR, while the H2D stream is generated on Server A by its
CPU staging data to the GPU. Both streams traverse the same
GPU-side PCIe switch/uplink and thus contend on a shared
segment. Similarly, RDMA read and D2H follow analogous
paths in the reverse directions and also traverse the reverse
GPU-side PCIe switch/uplink, leading to contention.
Contention characterization.We characterize PCIe con-
tention using a two-server RDMA setup. On Server A, we
generate sustained host-device copy traffic using pinned host
memory and cudaMemcpyAsync to saturate either D2H or
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79.8%
53.9%

Figure 5: PCIe contention characterization. Left: large-
RDMA impact on host-device copies. Right: RDMA
throughput under four cases.

H2D. Concurrently, a remote Server B issues GDR read/write
requests to Server A’s GPU memory.

We firstmeasure steady-state contention under large RDMA
messages. Figure 5 (left) reveals a striking asymmetry: under
concurrent GDR write traffic, H2D bandwidth drops from
25.82GiB/s to 5.23GiB/s (79.8% degradation); while under
GDR read traffic, D2H bandwidth decreases from 25.12 GiB/s
to 11.57GiB/s (53.9% degradation).
Next, we examine the reverse direction by quantifying

how sustained host–device transfers affect GDR performance
across message sizes. We run four cases: (1) GDR write iso-
lated, (2) GDR write with background H2D, (3) GDR read
isolated, and (4) GDR read with background D2H. Figure 5
(right) shows a strong direction-dependent asymmetry: back-
ground H2D has negligible impact on GDR write throughput,
while background D2H sharply reduces GDR read through-
put and stabilizes at ∼41.5% degradation when message sizes
are ≥8 KB.
Overall, these results reveal an implicit priority skew on

PCIe that varies across traffic types and directions. This skew
originates from hardware design and cannot be changed
once the device is fabricated, and may prevent demanding
tasks from obtaining sufficient bandwidth. Since the PCIe
segments often lie on the critical path of workloads, such
skew can amplify end-to-end slowdown though the link is
highly utilized. This motivates software mechanisms to flex-
ibly protect demanding tasks under PCIe concurrent traffic.

4 GPUWeaver framework
Tomitigate the fabric-level contention, we propose GPUWeaver,
a lightweight runtime framework. The key idea is to regu-
late the effective injection behavior of communication flows,
controlling how aggressively different traffic classes enter
shared fabrics such as PCIe and NVLink.

4.1 System Overview
Figure 6 illustrates the GPUWeaver architecture. The run-
time sits between user-space LLM applications and the un-
derlying communication libraries, acting as a control layer

GPUWeaver
QoS Hints & Priorities Proactive Primitives

Scheduler (Runtime)

Control Actions

Communication Libraries
RDMA Transfers NCCL Collectives Host-Device Copies

Regulated Traffic Injection

Hardware Fabrics
NVML / DCGMMonitors

Contention

HBM

Runtim
e
signals

PCIe NVLink/NVSwitch

LLM Applications

Figure 6: System overview of GPUWeaver.

that observes runtime behavior and regulates communica-
tion injection. Applications register communication flows,
such as RDMA transfers, collectives, or host-device copies,
and attach priorities or performance goals to these flows.
GPUWeaver then automatically adjusts how aggressively
each flow injects traffic into shared fabrics like PCIe/NVLink.
Signals: GPUWeaver employs a closed-loop scheduler

that monitors both infrastructure- and application-level sig-
nals. Infrastructure signals characterize fabric congestion,
including NVML/DCGM PCIe counters, NVLink counters,
NIC throughput, queue depth, and GPU memory-bandwidth
utilization. Application signals capture execution progress,
such as request latency, stage latency, transfer latency, and
per-flow backlog. These infrastructure metrics indicate when
a link is congested, whereas application-level metrics identify
the specific flow adversely affected by the contention.

Policy:The schedulermaps these signals and user-provided
priorities to per-flow control decisions. If a high-priority flow
misses its latency or bandwidth target while the shared fabric
is saturated, GPUWeaver shifts the bandwidth budget toward
that flow in the next control window. If the high-priority
flow is healthy and background backlog grows, GPUWeaver
shifts the bandwidth budget back. This policy can be a fixed
split, a threshold rule, or a learned controller; GPUWeaver
only requires that it output a bandwidth budget or pacing
decision for each flow.

Control knobs:GPUWeaver implements policy decisions
through software-controlled mechanisms. For RDMA traf-
fic, it leverages service levels, NIC QoS, and rate limiting,
building on prior observations that RNIC resources can be ex-
plicitly exposed and scheduled [14]. For host-device transfers,
where CUDA lacks native bandwidth control, GPUWeaver
relies on stream priorities, launch gating, chunked copies,
and cooperative yield points. Despite backend-specific im-
plementations, all mechanisms share a common objective:
regulating the traffic injection rate of each flow into the
shared fabric.
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Figure 7: GPUWeaver improves TTFT and PDKV trans-
fer latency in vLLM + Mooncake.

4.2 Case Study: KV Cache Offloading
To illustrate the feasibility of GPUWeaver, we integrate a
preliminary prototype into a real vLLM serving stack with
Mooncake, and replay request shapes derived from a real
SWE-bench Pro agentic trace collected from Codex work-
loads [17]. In this setting, a prefill worker sends newly gen-
erated KV to the decode worker through GPUDirect RDMA
while also offloading prefix KV to CPU. The latency-critical
RDMAWrite traffic and the background GPU-to-CPU traffic
share the same GPU-side PCIe resources.
The serving runtime registers two flows, kv transfer and

kv offload. A PD signal opens a protected handoff window,
and GPUWeaver chooses how much kv cache offload traffic
can run during that window. In our current prototype, the pri-
mary control knob is offload delay injection. The policy uses
the previous round’s PCIe bandwidth, RDMA bandwidth,
TTFT, and offload backlog to choose the next round’s delay
or PCIe bandwidth split. For example, if PD RDMA does not
reach its target bandwidth, the next round assigns it a larger
PCIe bandwidth budget by delaying or pacing offload more
aggressively; if PD transfer is healthy, the next round returns
more bandwidth to offload.

Figure 7 evaluates this control loop in the integrated vLLM
+ Mooncake using Qwen3-8B. The setup emulates PD dis-
aggregation with two logical servers, one GPU per server.
We replay several request shapes from the Codex trace and
vary the aggregate KV size from 1.2 GB to 9.4 GB. The x-axis
label 8K×1, for example, denotes an 8K-token prompt with
one concurrent request. For each shape, we first run the de-
fault policy, where kv transfer and offload traffic naturally
overlap. We then let GPUWeaver sweep candidate PCIe allo-
cations and select the best policy using the monitored RDMA
bandwidth and TTFT from prior runs.

The results show that, across all request shapes, GPUWeaver
reduces the latency-critical PD KV transfer flow time by 19.4–
34.4%, which in turn reduces mean TTFT by 2.4–6.1%. The
smaller TTFT gain is expected because the PD KV transfer
flow occupies only a fraction of the TTFT path.

5 Conclusion & Future Work
This paper examines fabric-level contention in modern GPU
clusters. We identify two common forms of contention: mem-
ory read/write versus NVLink communication on HBM ac-
cess, and GPUDirect RDMA versus host–device transfers on
PCIe. Our results show that implicit priority behaviors in
these fabrics can cause certain traffic classes to dispropor-
tionately throttle others, particularly in emerging LLMwork-
loads that rely on disaggregation, offloading, and compute–
communication overlap.
We propose GPUWeaver, a lightweight runtime frame-

work that connects fabric-level signals with application-
level goals and regulates communication injection through
software-visible control knobs. In an integrated vLLM +
Mooncake case study using Qwen3-8B and request shapes
from a real Codex/SWE-bench Pro trace, GPUWeaver re-
duces the PD KV transfer flow time by 19.4–34.4% and mean
TTFT by 2.4–6.1%. These results show that fabric contention
can be turned from an opaque hardware side effect into a
runtime scheduling problem.
Our current prototype still uses a simple scheduling pol-

icy and coarse control actions. Future work will refine this
policy layer with more detailed per-flow models, faster on-
line adaptation, and richer bandwidth allocation objectives
across latency-critical and background traffic. We also plan
to extend GPUWeaver beyond the PCIe case study to GPU
memory contention, where NVLink communication and lo-
cal HBM access interact with GPU compute. Together, these
directions move toward a software-defined GPU fabric sched-
uler that can manage PCIe, RDMA, NVLink, and GPU mem-
ory pressure under one application-aware control plane.
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