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Abstract

Collective communication libraries (CCLs) for distributed
LLM training focus mainly on dedicated high-speed inter-
connects and leave PCle bandwidth under-exploited. For
PCle-only machines, they model collectives as GPU-to-GPU
communication and create redundant traffic in the CPU-
rooted PCle hierarchy. For machines with dedicated inter-
connects, they either ignore PCle or use a static multipath
split that cannot react to runtime PCle interference. This pa-
per presents HyLink, a two-layer collective communication
framework that unlocks PCle bandwidth and aggregates it
with dedicated interconnects. PCle CCL makes this hierar-
chy explicit and uses host memory as an active routing point.
It expresses topology-aware schedules in a CPU-driven DSL
and executes them with an auto-pipelined runtime on GPU
copy engines. Multipath Orchestrator splits each collective
between the dedicated link and PCle, and uses runtime feed-
back to rebalance the split under PCle interference. In our
evaluation across different PCle-only topologies, PCle CCL
improves large-message collective bandwidth by 26.2% on
average over NCCL and reduces Megatron-LM iteration time
by 6.1%—-6.6%. On the Ascend platform with dedicated inter-
connects, Multipath Orchestrator improves large-message
collective bandwidth by 10.4% on average over HCCL and
reduces Megatron-LM iteration time by 2.3%-4.6%.

CCS Concepts: -« Computer systems organization — In-
terconnection architectures; « Software and its engi-
neering — Cooperating communicating processes; « Com-
puting methodologies — Parallel algorithms.
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1 Introduction

The rapid growth of large language models (LLMs) has made
distributed training a communication-heavy workload [38].
Modern training systems combine several forms of paral-
lelism to train models that exceed the capacity of a sin-
gle GPU [20]. These forms include Data Parallelism (DP),
Pipeline Parallelism (PP), Tensor Parallelism (TP), and Ex-
pert Parallelism (EP). They repeatedly invoke collective com-
munication primitives such as AllReduce, AllGather, Re-
duceScatter, and All-to-All. These collectives synchronize
model states, exchange activations and gradients, and re-
distribute expert-routed tokens. Some of them move large
tensors and sit on the critical path of each training iteration.
As a result, communication has become one of the domi-
nant bottlenecks in large-scale training. For example, Meta’s
production measurements report that communication can
account for up to 60% of total training time [33].

Many efforts have been made to reduce this bottleneck.
Hardware vendors provide optimized collective communica-
tion libraries (CCLs). Examples include NCCL, RCCL, and
HCCL [1, 9, 21]. Research systems also improve the com-
munication stack by optimizing routing and synthesizing
collective schedules [2, 3, 8, 19, 27, 35]. However, much of
this progress targets GPU-to-GPU communication over ded-
icated high-speed interconnects such as NVLink, NVSwitch,
xGMI [16], and HCCS [10]. While this focus is reasonable
given the higher bandwidth of dedicated interconnects, it
largely overlooks the PCle fabric that every GPU node con-
tains.
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Fully exploiting PCle bandwidth matters in two broad de-
ployment classes. First, PCle-only GPU servers remain com-
mon in industrial and academic environments, especially
when deployment cost is a primary constraint. Cluster traces
show that heterogeneous and legacy GPUs remain widely
deployed in production ML platforms, many without a dedi-
cated GPU interconnect [34]. For these servers, PCle is the
only path for collective communication, so its bandwidth di-
rectly determines collective performance. Second, high-end
GPU nodes usually run collectives over dedicated intercon-
nects. However, these nodes also contain a PCle path that
connects each GPU to the host CPU and I/O devices. The raw
bandwidth of this path is not negligible. As Table 1 shows,
per-GPU PCle bandwidth can reach tens to more than one
hundred GB/s on recent GPUs. This bandwidth can provide
a meaningful supplement to the dedicated-link bandwidth.
Thus, fully exploiting PCle bandwidth can accelerate collec-
tives in both PCle-only and hybrid-link machines. However,
current CCLs cannot fully exploit PCle bandwidth because
of two design limitations described below.

(1) PCIe topology mismatch. Existing CCLs still model
PCle collectives as communication between GPU pairs. This
GPU-to-GPU abstraction is natural for dedicated link fab-
rics because they provide uniform connectivity between any
pair of GPUs. However, PCle connectivity between GPUs
is non-uniform because of its hierarchical structure. In a
typical multi-socket server, GPUs connect to PCle switches
or directly to CPU root complexes, and cross-NUMA inter-
connects such as Intel UPI [12] and AMD Infinity Fabric [25]
link the root complexes on different sockets. On PCle, the
paths between different GPU pairs often share the same root
complexes, cross-NUMA links, and host memory, which can
cause redundant traffic in collectives. Since the GPU-to-GPU
abstraction does not expose this sharing, current CCLs can-
not detect or reduce the redundancy.

(2) PCIe aggregation gap. Existing CCLs also largely
ignore the PCle path on nodes with dedicated interconnects.
In these nodes, a collective communication typically runs
only over the dedicated link. The PCle path remains idle
even though it can provide supplemental bandwidth. Prior
work such as Blink [31] shows the potential of combining
paths. However, Blink exposes PCle by disabling GPU peer
access, and the resulting switching overhead can offset most
of the benefit from using the PCle path. It also uses a static
split between paths and cannot react to runtime PCle inter-
ference from background DMA, asynchronous checkpoint-
ing, log I/O, or co-located jobs. Once the split becomes im-
balanced, multipath execution is gated by the slower path.
FlexLink [29] adaptively balances traffic across NVLink, PCle,
and RDMA paths. However, its PCle path follows a ring-
based GPU-to-GPU schedule, which can retain the topology
mismatch described above on hierarchical PCle fabrics. Re-
cent work, MPCCS [37], aggregates the dedicated link with
the scale-out NIC fabric rather than the intra-node PCle tree.

Its applicability is limited when scale-out bandwidth or NIC
resources are insufficient.

To address these limitations, this paper presents HyLink,
a two-layer collective communication framework with PCle
CCL and Multipath Orchestrator. HyLink unlocks PCle band-
width and aggregates it with dedicated interconnect band-
width. Its two layers target the two limitations above. PCle
CCL makes the shared PCle resources explicit in the collec-
tive abstraction instead of hiding them behind GPU pairs. It
treats NUMA-local host memory as an active routing point
and schedules multi-stage data movement across GPU and
host buffers. Multipath Orchestrator controls hybrid execu-
tion at runtime by splitting each collective into two byte
ranges. It runs one range over the dedicated link through the
vendor CCL and the other over PCle through PCle CCL. The
two paths execute concurrently within the same collective
call and preserve the synchronization semantics of a single
collective operation.

PCle CCL addresses the topology mismatch through a
CPU-driven Domain-Specific Language (DSL) and an auto-
pipelined runtime. The DSL represents a collective as chunk-
level dataflow. The dataflow covers GPU buffers and host
buffers in specific NUMA domains. An algorithm can specify
where a chunk is uploaded, how it is forwarded between
NUMA-local host buffers, and which GPUs later download it.
When GPUs share a PCle switch, the algorithm can also copy
chunks directly between them. The DSL serves as a route-
level abstraction that lets designers adapt routes to different
PCle topologies without enumerating every small transfer.
The runtime then lowers each chunk-level instruction into
fine-grained subchunk transfers to pipeline dependent stages
along each route. It issues these transfers to GPU copy en-
gines, and CPU threads advance the pipeline through the
event mechanism. Another benefit of this design is that GPU
SMs stay out of the transport path, which reduces SM con-
tention with training computation. Data-movement collec-
tives such as AllGather run entirely on copy engines without
any GPU kernel. Reduction collectives such as ReduceScat-
ter and AllReduce first move peer chunks to the local GPU
through copy engines and then launch short kernels only
for local reduction.

Multipath Orchestrator addresses the hybrid-link problem
by treating the dedicated interconnect and PCle as two inde-
pendent communication domains. Multipath Orchestrator
intercepts the collective call and splits the tensor according
to a runtime ratio. It launches the vendor CCL and PCle
CCL on independent streams and then joins their comple-
tion before releasing the user stream. Multipath Orchestrator
records the execution time of both paths in each collective.
A feedback-driven adaptive balancer then uses these mea-
surements to update the split ratio for the next collective. If
the PCle path becomes slower due to interference, Multipath
Orchestrator shifts traffic back to the dedicated link. When
the PCle path recovers, Multipath Orchestrator increases



the PCle share again. This control loop keeps the two paths
finishing at roughly the same time, since the slower path
determines the completion time of the whole collective. For
small messages, PCle startup overhead can dominate the
latency of the PCle path. Multipath Orchestrator therefore
falls back to the dedicated link for such messages.

HyLink is designed to work with existing training frame-
works and the semantics of current collective communication
interfaces. Because CPU threads and copy engines drive the
transport path of PCle CCL, it must handle two integration
issues. (1) Stream ordering. A framework expects a collective
to behave like any other operation on its stream. PCle CCL
inserts a stream write that marks when prior stream work
has completed and a stream wait that holds later stream
work until all of its transfers finish. (2) Deadlock avoidance.
A framework may call a host-blocking CUDA API such as
a synchronous device-to-host copy right after launching a
collective. This call can hold the CUDA driver lock while
waiting for the collective, and PCle CCL needs the same
lock to submit its remaining transfers. PCle CCL breaks this
circular wait by draining in-flight work outside the driver
lock before such calls proceed.

We implement an open-source prototype of HyLink [11].
We evaluate HyLink with collective microbenchmarks and
end-to-end Megatron-LM training. Across different PCle-
only topologies, PCle CCL improves large-message collective
bandwidth by 26.2% on average over NCCL and reduces end-
to-end iteration time by 6.1%-6.6% in Megatron-LM training
with intra-node TP. On the Ascend platform with dedicated
interconnects, Multipath Orchestrator delivers 10.4% higher
collective bandwidth on average than native HCCL in large-
message microbenchmarks and reduces end-to-end iteration
time by 2.3%-4.6% in Megatron-LM training. Mechanism
studies further explain HyLink’s performance gains and ro-
bustness in PCle-only and hybrid-link deployments. For the
PCle-only platform, NUMA-aware host staging reduces per-
GPU D2H traffic and total cross-NUMA traffic by 33.3% and
improves AllGather bandwidth by 9.8% over Ring. Subchunk
pipelining improves AllGather bandwidth by 11.4% on aver-
age over the non-pipelined baseline. PCle CCL’s copy-engine
transport limits GEMM throughput degradation to at most
2.4% compared with 9.4% under NCCL during concurrent
execution. For the hybrid-link platform, Multipath Orches-
trator achieves 30.9% higher AllGather throughput under
runtime PCle interference than a fixed split tuned without
interference.

This paper makes the following contributions:

o We identify PCle bandwidth as an underexploited re-
source in both PCle-only and hybrid-link GPU ma-
chines. We show that the GPU-to-GPU abstraction
causes redundant traffic in PCle collectives and that
current CCLs lack efficient aggregation of PCle and
dedicated links.

e We design PCle CCL, a PCle-aware collective library
that treats NUMA-local host memory as an active rout-
ing point. PCle CCL expresses topology-specific routes
through a route-level DSL and executes them through
an automatically pipelined runtime based on copy en-
gines.
We design Multipath Orchestrator, a multipath orches-
tration layer that aggregates dedicated-link and PCle
bandwidth without modifying the vendor CCL. Multi-
path Orchestrator uses transparent task splitting, fork-
join coordination, and adaptive load balancing with
runtime feedback.
e We implement HyLink and show that it outperforms
vendor CCLs on PCle-only and hybrid-link platforms
and remains robust under runtime PCle interference.

2 Background and Motivation
2.1 Collectives in Distributed LLM Training

During distributed training, collective communication syn-
chronizes tensors across GPUs. In AllReduce, each rank con-
tributes one buffer and receives the element-wise reduction
over all ranks. AllGather concatenates the buffers from all
ranks and returns the full result to every rank. All-to-All
exchanges distinct slices between every source-destination
pair. Point-to-point send/recv transfers data between a speci-
fied pair of ranks. Modern collective communication libraries
(CCLs) implement these primitives with algorithms such as
Ring [4] and Tree [14] schedules.

Modern LLM training invokes these primitives in differ-
ent parallelism strategies [20]. Data Parallelism (DP) mainly
synchronizes gradients after local computation. The mes-
sages are large but can be scheduled as gradient buckets
and overlap well with the remaining backward computation.
Pipeline Parallelism (PP) transfers activations and gradients
between adjacent stages, and its point-to-point communi-
cation can be partially hidden by micro-batch pipelining.
Tensor Parallelism (TP) is typically confined within a node
and inserts synchronization inside every transformer layer.
Subsequent matrix multiplications depend on the collective
results, leaving little room for overlap. Expert Parallelism
(EP) redistributes tokens through bandwidth-bound All-to-
All, which sits between token dispatch and expert computa-
tion and therefore directly stalls expert kernels. Because TP
and EP communication is difficult to hide, these collectives
place stringent bandwidth and latency demands on the in-
terconnect and are commonly constrained to the intra-node
scale-up domain. Measurements of Megatron-LM TP training
on GPT-3 and Llama-2 models report that communication
takes 22-47% of end-to-end iteration time, even on DGX-
H100 clusters with NVLink/NVSwitch and InfiniBand [32].
These exposed communication costs motivate optimizing
the intra-node collective tasks.
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Figure 1. Representative physical topologies targeted by this work. Panels (a)-(c) are pure-PCle deployments with different
NUMA and PCle-switch structures. Panel (d) is a hybrid deployment with both a dedicated NVSwitch fabric and a PCle tree.

2.2 PCle and Hybrid Interconnect Architectures

Dedicated GPU interconnects, such as NVIDIA NVLink and
NVSwitch, AMD xGMI [16], and Huawei HCCS [10], directly
connect GPUs through a full-mesh or switched fabric. The
PCle fabric that coexists with these dedicated links has a
fundamentally different structure. PCle in multi-GPU nodes
forms a hierarchical topology centered around the CPU [28].
Each socket exposes a root complex to which GPUs and NICs
attach, either directly or through an optional PCle switch.
Multiple sockets are joined by a cross-NUMA link such as
Intel UPI [12] or AMD Infinity Fabric [25]. Across deploy-
ments, this hierarchical PCle fabric is either the primary
intra-node communication path or a supplementary path
beside the dedicated fabric, which makes it an important
optimization target that current CCLs do not fully exploit.

Two deployment classes motivate this work.

(1) Cost-efficient nodes: widely deployed on consumer-
grade hardware and legacy machines that remain in active
service, with no dedicated interconnect. Every GPU attaches
to the root complex, and optional PCle switches may connect
GPUs with each other (Figure 1(a)—(c)). In this setting, PCle
directly determines intra-node collective performance. Exist-
ing GPU-centric CCLs [2, 3, 8, 15, 19, 21, 27] leave topology-
level opportunities on PCle unexploited (§2.3).

(2) High-end nodes: equipped with a dedicated intercon-
nect fabric in addition to PCle (Figure 1(d)). In this setting,
PCle provides a parallel data path alongside the dedicated
link. As Table 1 shows, PCle contributes a substantial frac-
tion of the dedicated-link bandwidth across vendors and
hardware generations. PCle adds 14% on top of NVLink even
on H100 SXM and reaches 32% on the export-tier H800 SXM.

2.3 Optimization Opportunities for Collectives

The hierarchical PCIe topology and the PCle bandwidth that
can supplement the dedicated interconnect on hybrid nodes
give rise to two distinct optimization opportunities: topology-
level CPU participation and link-level hybrid execution. We
examine each opportunity below.

Topology-level: incorporating the CPU into the col-
lective abstraction. Current CCLs such as NCCL [21] and
MSCCL [8], collective synthesizers [2, 3, 19, 27], as well as
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Figure 2. Optimization space on the PCle topology for All-
Gather. Panel (a) illustrates the data-transfer pattern of a
Ring AllGather on a 2-NUMA 4-GPU node. Panel (b) illus-
trates the corresponding host-staged variant. By making the
CPU and host memory explicit participants, our design can
reduce redundant transfers on the PCle fabric and avoid un-
necessary cross-NUMA traffic.

TCCL [15] for optimizing collective communication on PCle
GPU nodes, express collective communication as channels
between GPU ranks. This GPU-to-GPU abstraction does not
model the CPU or the PCle hierarchy as explicit topology
levels. On hierarchical PCle topologies, this flat abstraction
may map multiple logical GPU-to-GPU transfers onto the
same shared PCle resources, including root complexes and
cross-NUMA links. The resulting schedules can create re-
dundant PCle and UPI traffic, as illustrated in Figure 2(a).
A PCle-aware CCL should instead make the CPU and host
DRAM explicit participants in the collective data path. For
example, AllGather can stage data in CPU memory to avoid
unnecessary cross-NUMA transfers and reduce redundant
data movement, as illustrated in Figure 2(b).

This topology-aware host-staging path addresses two in-
efficiencies in the PCle topology. First, host DRAM is effec-
tively half-duplex because device-to-host uploads and host-
to-device downloads consume the same memory-bandwidth
budget. Reducing either upload or download traffic can there-
fore improve performance when host DRAM is on the criti-
cal path. Second, topology-aware routing can reduce cross-
NUMA traffic by avoiding repeated transfers of the same
data over these links. Instead of repeatedly carrying the same
chunk across UPI or Infinity Fabric as the Ring advances, the



Table 1. Per-GPU bi-directional bandwidth of the dedicated
link (B4) and PCle (B,) across modern GPUs and hardware
generations. By, /B, is the per-GPU ratio of PCle to dedicated-
link bandwidth.

GPU By B, B,/By

NVIDIA V100 32G SXM 300 GB/s
NVIDIA A100 80G SXM 600 GB/s
NVIDIA A800 40G SXM 400 GB/s

32GB/s 10.7%
64 GB/s 10.7%
64 GB/s 16.0%

NVIDIA H100 S XM 900 GB/s 128 GB/s 14.2%
NVIDIA H800 SXM 400 GB/s 128 GB/s 32.0%
AMD Instinct MI300X 896 GB/s 128 GB/s 14.3%
Huawei Ascend 910B 392 GB/s 64 GB/s 16.3%

host-staged route keeps local distribution within a NUMA
domain and only uses cross-NUMA links when the data must
cross the socket boundary.

Link-level: unused PCle bandwidth. Table 1 sets the the-
oretical ceiling on the PCle bandwidth that hybrid execution
can exploit. Across modern GPUs and hardware generations,
the per-GPU PCle bandwidth remains a substantial frac-
tion of the dedicated-link bandwidth. To determine whether
this bandwidth is actually available to hybrid execution,
we identify intra-node collective windows in Megatron-LM
training with Nsight Systems and sample PCle throughput
using nvmlDeviceGetPcieThroughput, which reports PCle
throughput over short intervals. In our training run without
asynchronous checkpointing or co-located jobs, the PCle
bandwidth observed within intra-node collective windows
stays below 1% of the PCle peak, leaving most of the PCle
path idle while scale-up collective communication is active.

This headroom indicates that hybrid execution can use
the idle PCle path without delaying the training operations
observed in this run. However, non-bottleneck asynchronous
work and external background activity, such as asynchro-
nous checkpointing, log I/0, and co-located tasks, can still
introduce bursty PCle traffic. A static traffic split cannot
reduce PCle-side work during such bursts, slowing the over-
all multipath completion time. Hybrid execution therefore
requires dynamic traffic balancing,.

Existing multipath collective systems demonstrate the
value of using secondary communication paths, but their
designs still have practical limitations. Blink [31] attempts to
combine PCle with the dedicated GPU interconnect. It uses
GPU P2P transfers to move chunks along its transfer trees.
Because the GPU driver routes P2P traffic over NVLink when
peer access is enabled, Blink exposes the PCle path by dis-
abling GPU peer access. This design has two key limitations.
First, enabling and disabling peer access adds switching cost
that grows with the number of GPUs, reducing the benefit
of hybrid execution. In Blink’s hybrid NVLink+PCle experi-
ment, PCle adds only 2-5 GB/s over NVLink-only collectives,
far below the tens of GB/s available on a PCle Gen3 or Gen4
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Figure 3. HyLink architecture overview.

x16 path. Second, Blink uses a static split that is fixed after
measurements in the initial calls, but does not account for
runtime PCle bursts.

Recent work MPCCS [37] supplements the dedicated link
with the scale-out NIC fabric rather than the intra-node PCle
tree. It targets GPU-cloud servers where the available scale-
out bandwidth per GPU can cover the GPU’s PCle bandwidth
and scale-out networks are often underutilized. In contrast,
our work uses the CPU and host memory as the downstream
PClIe consumer and does not depend on scale-out network
resources. The two approaches are complementary across
deployments: host-memory paths can help when NIC count
or scale-out bandwidth is limited, while NIC paths can help
when host-side PCle resources are the bottleneck.
Summary and design requirements. The observations
above point to two design requirements. First, a PCle-aware
CCL must expose the physical PCle hierarchy rather than
hide it behind a flat GPU-to-GPU abstraction. It should model
root complexes, NUMA domains, and cross-NUMA links, and
make CPU memory a schedulable staging point for collective
data movement. Second, hybrid collective execution must
use the PCle fabric effectively and robustly alongside the ded-
icated interconnect, which requires low-overhead multipath
coordination and runtime traffic balancing.

3 Design

To address the two fundamental issues mentioned above,
we propose HyLink. HyLink unlocks the underutilized PCle
bandwidth for collective communication and complements
dedicated interconnects with PCle bandwidth to achieve
hybrid-link acceleration.
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Figure 4. Overview of PCle CCL DSL-based AllGather on four GPUs across two NUMA nodes.

HyLink employs a two-layer co-design architecture:

e PClIe CCL: a collective communication library that
breaks the flat GPU-to-GPU abstraction and acceler-
ates PCle collective communication through hierarchi-
cal modeling.

e Multipath Orchestrator: a scheduling framework
that performs runtime feedback-driven dynamic load
balancing between dedicated interconnects and PCle.

The end-to-end workflow of HyLink operates as follows
(Figure 3). In PCle-only deployments, HyLink uses PCIle CCL
to execute collective calls over the PCle hierarchy. In hybrid
deployments, HyLink uses Multipath Orchestrator to split
each collective into two parallel sub-tasks based on a runtime
splitting ratio. One sub-task is executed on the dedicated link
path by invoking vendor CCLs, while the other is executed
on the PCle path via PCle CCL. These two paths execute
concurrently on independent device streams and perform a
final synchronization upon completion.

3.1 PCle CCL

To address the logical-to-physical topology mismatch in ex-
isting CCLs, PCIe CCL combines a topology-aware algorithm
expression with an efficient execution runtime for PCle col-
lectives. It models a collective as multi-stage dataflow in
which logical chunks move between GPU buffers and NUMA-
aware host buffers, allowing host memory to serve as an
explicit routing point in the PCle hierarchy. The DSL spec-
ifies where chunks move, while the runtime executes this
dataflow as a fine-grained transfer pipeline and orders trans-
fers according to the corresponding data dependencies. The
transfer pipeline is driven by copy engines and CPU threads

Table 2. Syntax of a PCle CCL DSL instruction.

Instruction ::= Instr(rank, op, src, dst)
op ::= D2H | H2D | H2H
| D2DCopy | D2DReduce
src, dst ::= GPU(rank, space, chunk)
| Host(numa, chunk)
space ::= input | output | scratch

to saturate PCle transfer bandwidth while minimizing SM
usage during collective communication.

Topology-Aware Collective DSL. Vendor CCLs commonly
instantiate collective schedules from a few predefined al-
gorithm templates. A template such as Ring [4] is easy to
extend because ranks can always be connected into a cycle of
communication channels regardless of scale. Such topology-
agnostic templates fit poorly with diverse and hierarchical
PCle topologies. PCle collectives therefore need an algo-
rithm representation that can be tailored to each topology
and that explicitly exposes the PCle hierarchy and host mem-
ory. MSCCLang [8] shows that a collective DSL can avoid
restricting algorithms to a small set of predefined templates
by letting users describe chunk-level schedules. This DSL
idea is useful for topology adaptation, but MSCCLang is
still designed around GPU channels and primarily treats the
topology as GPU-to-GPU edges. Its algorithmic abstraction
does not model host memory as a first-class routing location,
so it cannot naturally express PCle-specific patterns such as
placing one copy in a NUMA-local host buffer and letting
multiple GPUs consume it from that buffer.
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Figure 5. PCle CCL stream-ordering synchronization.

PCle CCL therefore adopts a human-in-the-loop DSL for
PCle collectives. Similar to TACCL’s communication-sketch
philosophy [27], the algorithm designer specifies only the
high-level route structure, namely where data is staged in
host memory and which GPUs each NUMA domain delivers
it to. Table 2 defines the instruction syntax used by the DSL.
A collective algorithm is represented as a set of per-rank
dataflow instructions. Each instruction moves one logical
chunk between a source location and a destination loca-
tion, which can be either GPU buffers or NUMA-local host
buffers. These instructions expose the routing choices that
matter for PCIe. D2H copies a chunk from a GPU to a spe-
cific NUMA domain, and H2D copies a chunk from a NUMA
domain to a GPU. H2H relays a chunk between NUMA do-
mains. D2DCopy copies a chunk either within one GPU or
directly between two GPUs that share a PCle switch with
peer access. D2DReduce reduces one chunk into another on
the same GPU. Designers can use these instructions to im-
plement all common collective communication primitives as
DSL programs.

Figure 4(a) illustrates this syntax with a 4-GPU AllGather
across two NUMA nodes. Each rank contributes one chunk
and receives all four chunks in its output buffer. The input
chunk is written to the corresponding output position with
D2DCopy, while the same chunk is uploaded to a NUMA-local
host buffer through D2H and forwarded to the other NUMA
node through H2H. The peer output chunks are then fetched
from local host memory with H2D. Figure 4(b) maps these
instructions onto the PCle topology and shows the explicit
host-buffer route.

Automatic Dataflow Pipelining. PCle CCL intentionally
keeps the DSL at chunk granularity so that algorithms re-
main readable and easy to adapt to different PCle topologies.
Executing one whole chunk at a time leaves downstream
links idle until the upstream transfer finishes, while encoding
subchunk-level steps directly in the DSL makes algorithms
difficult to maintain. PCle CCL therefore pipelines transfers
automatically. The runtime splits each logical chunk into
subchunks and lets a dependent transfer start as soon as the
subchunk it needs is ready. The subchunk size is tuned for

different message sizes to balance pipeline overlap against
per-transfer overhead.

The host-buffer route also determines the dependencies
between transfers. Each H2H consumes a chunk produced by
D2H, while each H2D waits for the D2H or H2H that produces its
source chunk. The local D2DCopy instructions only depend
on the corresponding rank’s input chunk and can proceed
independently of the host-memory relay.

Figure 4(c) shows how these dependencies become syn-

chronization signals for chunk A. The runtime splits A into
fixed-size subchunks and keeps one monotonic progress
counter in shared memory for each chunk slot in every buffer.
When the D2H on GPUj, finishes a subchunk, it advances the
counter of NUMA,[0]. The H2H checks this counter before re-
laying the same subchunk to NUMA; [0] and then advances
the counter of NUMA,[0]. The H2D transfers on GPU, and
GPUjs check the counter of NUMA, [0] before copying the
subchunk into their output buffers.
Copy-Engine Transport Layer. Traditional GPU CCLs
commonly use resident CUDA kernels to move data, perform
reductions, and control communication pipelines [8, 21]. This
design is effective for GPU-channel collectives, but these
long-lived communication kernels rely on SM resources to
make progress. When a collective overlaps with compute-
intensive application kernels, SM contention can slow the
communication path itself and reduce the benefit of overlap-
ping communication with computation in modern training
workloads (evaluated in §4.3).

Our insight is that PCle data movement does not require
SM-resident transport workers. GPU copy engines natu-
rally handle bulk transfers that involve a GPU and can sat-
urate PCle links at the subchunk size. PCle CCL therefore
issues D2H, H2D, and D2DCopy subchunk transfers on sepa-
rate streams using cudaMemcpyAsync, including peer copies
between GPUs under the same PCle switch. After each trans-
fer is submitted, PCle CCL records a CUDA event and polls
these events to advance pipeline progress as transfers com-
plete. H2H relays do not involve the GPU, so CPU-side run-
time threads perform them with multi-threaded vectorized
memcpy and advance the destination counter after each sub-
chunk. For pure data-movement collectives such as AllGather,



this design completes the PCle path without occupying GPU
SMs. For reduction collectives such as ReduceScatter and
AllReduce, PCIe CCL launches a short-lived reduction kernel
for each local D2DReduce once its inputs are ready, so SM
usage is limited to the local reduction work rather than the
transport pipeline.

A collective must also preserve user-stream ordering. It
must not read the input before earlier work in the stream
has produced it, and later work in the same stream must
not consume the output before the collective completes.
Current CCLs with resident communication kernels sat-
isfy this requirement naturally because the kernels are en-
queued as stream work. In contrast, without such a resi-
dent kernel, PCle CCL preserves the same ordering by us-
ing cuStreamWriteValue64 and cuStreamWaitValue64 on
host-mapped variables, as shown in Figure 5. The user stream
first writes a ready value, which makes the CPU-side runtime
issue transfers only after prior user-stream work has com-
pleted. The user stream then waits on a completion value.
After the CPU-side runtime and copy engines finish the
collective transfers, the CPU updates the host-mapped com-
pletion value and releases the user stream with the same
ordering semantics as an enqueued kernel.

This copy-engine-based execution model also needs to co-
exist with host-blocking CUDA API calls issued by training
frameworks without creating deadlocks. After submitting
an asynchronous collective, a training framework may issue
a host-blocking CUDA call that is ordered after the collec-
tive. A pageable device-to-host copy on the same stream
starts executing only after the collective completes, and a
device-synchronizing allocation waits for all outstanding
work on the device, including the collective. The calling
thread stays inside the CUDA driver during this wait and
holds the driver lock. However, the collective completes only
after the PCle CCL CPU-side runtime submits its remaining
copy-engine transfers and publishes the completion value
that releases the stream wait, and both steps require the
same driver lock. The framework thread thus waits for the
collective while the collective waits for a lock held by the
framework thread. PCle CCL breaks this circular wait by
intercepting host-blocking CUDA calls in the compatibility
layer. Before entering the real CUDA call, the framework
thread first drains any in-flight PCle CCL collective through
a CPU-side condition variable. This wait does not enter the
CUDA driver, so PCle CCL can continue submitting trans-
fers and complete the collective. The guard is applied only to
synchronous CUDA API calls that can block while waiting
for GPU work, while stream-ordered asynchronous calls re-
main unchanged. Because this guard only moves an existing
host-side wait outside the CUDA driver, it changes neither
the semantics of the CUDA call nor the ordering of GPU
work, and therefore affects neither correctness nor training
performance.

Algorithm 1 Multipath Adaptive Control for «

Require: Data size S, threshold Sy, margin y € (0,1),
damping factor A € (0, 1) satisfying A(1 +y) > 1

1: if S < Spin then > Small-message fallback
2: Use dedicated link only; return

3: end if

4 tqfty

5: if r <1—y then > PCle is bottleneck
6: a— a2

7. elseif r > 1+ y then » Dedicated link is bottleneck
8: a—a-r-A

9: end if

10: @ « clamp(a, 0, 1)

3.2 Multipath Orchestrator

Using idle PCle bandwidth in hybrid nodes requires distribut-
ing collective data across the PCle path and the dedicated
link path while coordinating the two paths as one collective
operation. Multipath Orchestrator exposes a single collective
interface and runs the vendor CCL and PCle CCL as two
independent communication domains.

Multipath Task Splitting. In hybrid interconnect scenarios,
Multipath Orchestrator splits each collective call into two
parallel sub-tasks by partitioning the input tensor into two
disjoint byte ranges. The dedicated link path invokes vendor
CCLs, and the PCle path invokes PCle CCL. Each path exe-
cutes the original collective semantics on its assigned byte
range using its own optimized library. Multipath Orches-
trator thus only decides how many bytes each path carries,
while each library decides how to move them. The vendor
CCL and PCle CCL therefore keep their own algorithms,
transport mechanisms, and stream semantics.

Multipath Orchestrator maintains a shared parameter ta-
ble that maps collective communication metadata, including
primitive type, data-size bucket, data type, and communica-
tor size, to the current split ratio @ € [0, 1]. All ranks use
the same ratio to ensure global consistency. For each collec-
tive call with a total data size S, the splitter assigns aS to
the PCle path and (1-a)S to the dedicated path. After both
paths complete, Multipath Orchestrator measures their exe-
cution times t; (dedicated) and ¢, (PCle) using the begin/end
device events. Based on these measurements, the adaptive
balancer updates « in the parameter table for subsequent
calls, aiming to equalize t; and ¢, and minimize the overall
latency max(tg, tp).

We adopt a proportional control strategy with a dead zone.
Let r = t4/t, denote the time ratio between the two paths.
When r falls within a narrow band around unity (1-y <r <
1+y), the two paths are considered balanced and « is kept
unchanged. When the PCle path is the bottleneck (r < 1-y),
«a is halved to shift traffic back to the dedicated link. When
the dedicated path is the bottleneck (r > 1+4y), « is scaled



Table 3. Evaluation platforms and topology summary.

No. GPUs CPU (# NUMA) Memory PCle configuration PCle P2P Dedicated link
A 4x RTX 3090 1x AMD EPYC 7452 192GB Gen4 x8, No PCle switch Not supported N/A
B  4x V100 PCle 1x Intel Xeon E5-2680 v4 512GB  Gen3 x16, Pairwise PCle switches Within NUMA N/A
C  4x V100 PCle 2x Intel Xeon E5-2650 v4 128 GB Gen3 x16, No PCle switch Within NUMA N/A
D  8x Ascend 910B  4x Kunpeng 920 2TB Gen4 x16, No PCle switch N/A Full-mesh HCCS
O CPU socket — PCle link

A & 1L GERR

proportionally to the observed imbalance with a damping
factor A < 1 to prevent overshooting. We choose a fixed
A € (0,1) satisfying A(1 + y) > 1, ensuring rA > 1 so that «
can increase when the dedicated path is the bottleneck.

In practice, small-message collectives are dominated by
startup latency. Splitting further reduces the message size
on each path, increasing the share of startup overhead in
communication time and potentially lowering the vendor
CCL’s effective bandwidth. Therefore, we fall back to the
dedicated path when the message size is small. For larger
messages, startup overhead is amortized and splitting can
improve performance by using the bandwidth of both paths.
The complete adaptation algorithm is given in Algorithm 1.
Dual-Domain Coordination. Multipath collective commu-
nication needs a coordination layer above individual commu-
nication libraries. In HyLink, the two domains are a vendor
CCL over the dedicated interconnect and PCle CCL over
the PCle hierarchy. Multipath Orchestrator coordinates their
invocation at the collective-call level rather than modifying
the internal transfer schedules of either library.

The dual paths are coordinated through an event-based
fork-join model. Upon intercepting a collective call, Multi-
path Orchestrator records a synchronization event on the
user stream. Both the dedicated link stream and the PCle
stream wait for this event before starting, ensuring input
data readiness. The two paths then execute concurrently on
independent streams, recording begin/end timing events for
performance measurement. Finally, the user stream waits for
the end events of both paths before proceeding. These events
only express stream ordering and completion timing, leaving
data movement to the underlying communication domains
and adding little overhead to bandwidth-bound collectives.

4 Implementation and Evaluation

Our evaluation answers two questions: (1) how much does
HyLink improve collective communication and end-to-end
training, and (2) where do these gains come from? After
describing the implementation and testbeds (§4.1), we an-
swer the first question in §4.2 on both PCle-only and hybrid-
link platforms, and the second in §4.3 by validating routing,

— Inter-socket link
== Dedicated link (full-mesh HCCS)

O PCle switch
m GPU/NPU

pipelining, SM usage, and adaptive control under runtime
PCle interference.

4.1 Implementation and Testbeds

Implementation. We implement PCle CCL and Multipath
Orchestrator as two shared C++/CUDA libraries. The two
layers are decoupled by design: PCle CCL can be used in-
dependently in pure PCle environments, while Multipath
Orchestrator orchestrates dual-path parallelism in hybrid
interconnect scenarios. The source code is publicly avail-
able [11].

Testbeds. Table 3 summarizes our evaluation platforms. We
evaluate HyLink on both PCle-only machines and a machine
equipped with dedicated interconnects. Our PCle-only plat-
forms cover three topologies: all GPUs connected directly
to a single CPU without PCle P2P support (Platform A),
GPU pairs sharing PCle switches within one NUMA domain
(Platform B), and GPUs attached to two CPU sockets in sepa-
rate NUMA domains (Platform C). Our hybrid-link platform
(Platform D) is an 8-NPU Ascend 910B server with a PCle
interconnect across four NUMA domains and a full-mesh
HCCS dedicated interconnect. For the vendor CCL baselines,
we use NCCL v2.30.3 with its built-in autotuning on Plat-
forms A-C and HCCL from CANN 9.0.0 on Platform D.

4.2 Performance Acceleration

PCIe CCL Collective Microbenchmarks. We first eval-
uate whether PCle CCL improves collective communica-
tion on PCle-only platforms. We benchmark AllGather, Re-
duceScatter, and AllReduce across different message sizes,
where each point reports the post-warmup average bus band-
width across repeated iterations, and compare PCle CCL with
NCCL [21], synthesized MSCCL+SCCL schedules [2, 8], and
TCCL [15]. Figure 6 reports the collective performance of
PCle CCL across Platforms A-C. The PCIe CCL schedules
are hand-tuned DSL programs specialized to each PCle topol-
ogy. For messages of 64 MB and larger, PCle CCL improves
bandwidth by 26.2% over NCCL and 12.0% over TCCL on av-
erage across the three collective primitives. AllGather shows
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Figure 6. PCle CCL collective microbenchmarks on PCle-
only machines with different topologies.
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Figure 7. HyLink multipath collective bandwidth on 8 NPUs
of Platform D.

the largest gains, with average improvements of 44.2% over
NCCL and 24.4% over TCCL.

Multipath Orchestrator Microbenchmarks. We next eval-
uate Multipath Orchestrator, which runs each collective over
the dedicated-link and PCle paths in parallel, on all 8 NPUs of
Platform D. We benchmark the same three collectives under
the same measurement methodology, and compare HyLink
with HCCL over HCCS interconnects. Figure 7 shows that
HyLink improves bandwidth by 6.2% on average, and by
10.4% on average for messages of 128 MB and larger.
End-to-End Training. Figure 8 reports training iteration
time normalized to NCCL on Platforms A-C and to HCCL
on Platform D.

(1) PCle-only platforms. We train a 3.05B GPT-like model with
Megatron-LM [20] using TP=4, and compare NCCL with

I NCCL [ PCle CCL I HCCL M HyLink
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Figure 8. Normalized Megatron training iteration time on
Platforms A-D.

PCle CCL for the intra-node TP collectives on Platforms A-
C. By accelerating collective communication across different
PCle topologies, PCle CCL reduces iteration time by 6.1%—
6.6% compared to NCCL.

(2) PCle+Dedicated platform. We train a 7.00B GPT-like model
with the same framework using TP=2/PP=4 and TP=4/PP=2,
and compare HCCL with HyLink for the intra-node TP col-
lectives on Platform D. By offloading part of each TP collec-
tive from HCCS to PCle, HyLink reduces iteration time by
2.3%—-4.6% compared to HCCL.

4.3 Mechanism and In-Depth Validation

Topology-Aware Routing Ablation. To isolate the value of
NUMA-aware routing, we implement Ring AllGather using
the PCle CCL DSL and compare it with our NUMA-aware
host-staging algorithm, both running on the same PCle CCL
runtime on Platform C. Our host-staging algorithm lets GPUs
in each NUMA domain read the same input chunk from local
host memory. Table 4 shows that sharing these local copies
reduces both per-GPU D2H traffic and total cross-NUMA
traffic by 33.3% compared to Ring. The measured bandwidth
improves by 9.8% on average compared to Ring.

Runtime Pipelining Ablation. PCle CCL exposes col-
lective algorithms at chunk granularity, while the runtime
breaks each chunk into subchunks and overlaps dependent
D2H and H2D stages. Figure 9 shows that pipelining im-
proves AllGather bandwidth on Platform C with a suitable
subchunk size. Pipelining with the best measured subchunk
size for each message size improves bandwidth by 11.4% on
average over the non-pipelined baseline.

Compute Interference. Collectives that move data with SM
kernels contend with computation for SMs, and PCle CCL
largely avoids this contention. On Platform C, we measure
the bandwidth of collectives and the throughput of a GEMM
when each runs alone and when both run concurrently on
each GPU. Figure 10(a) shows that the GEMM reduces NCCL
bandwidth by 13.6% on average but reduces PCle CCL band-
width by only 3.1%. Figure 10(b) shows that NCCL in turn



Table 4. AllGather algorithm ablation on Platform C.

AG output Ring Host Staging Ring per-GPU Ring total Host Staging per-GPU Host Staging total
size bus BW bus BW D2H/H2D cross-NUMA D2H/H2D cross-NUMA
16 MB 8.07 GB/s 8.72 GB/s 12/12 MB 24 MB 8/12 MB 16 MB
64 MB 8.32 GB/s 9.35 GB/s 48 / 48 MB 96 MB 32 /48 MB 64 MB
256 MB 8.55 GB/s 9.48 GB/s 192 /192 MB 384 MB 128 /192 MB 256 MB
1GB 8.80 GB/s 9.48 GB/s 768 / 768 MB 1.5 GB 512 /768 MB 1GB
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Figure 9. Runtime pipelining ablation of PCle CCL.
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GEMM on Platform C. (a) Bus bandwidth with the GEMM.
(b) GEMM throughput with each collective.

reduces GEMM throughput by 9.4% on average but PCle CCL
reduces it by at most 2.4%.

Adaptive Split Under Runtime PCle Interference. We
evaluate the resilience of Multipath Orchestrator’s adaptive
splitting strategy on Platform D. To emulate runtime PCle
interference, we inject periodic bursts of background PCle
traffic using aclrtMemcpyAsync while the collective bench-
mark is running. The baseline uses a fixed splitting ratio
a, similar to Blink [31], which is pre-tuned to be optimal
without interference. In contrast, Multipath Orchestrator
adjusts « at runtime based on the observed path progress.

Figure 11. AllGather bandwidth on Platform D under peri-
odic PCle interference.

Figure 11 shows that the adaptive balancer achieves 30.9%
higher throughput than the fixed-ratio baseline under sus-
tained interference.

5 Discussion

Applicability to Multi-Node Training. (1) PCle-only ma-
chines. PCle CCL currently supports intra-node collectives.
Its DSL abstraction could also be extended to cross-node data
movement. (2) Machines with dedicated interconnects. Multi-
path Orchestrator aggregates bandwidth from the dedicated-
link and PCle paths. For inter-node collectives, NIC DMA
traffic shares PCle bandwidth with the host-memory path,
limiting the benefit of dual-path splitting. In multi-node train-
ing, Multipath Orchestrator can still accelerate intra-node TP
or EP collectives as they do not overlap with inter-node com-
munication. HyLink can check communicator scope at initial-
ization and enable PCle-path acceleration only for intra-node
communicators.

Applicability to Inference. LLM inference also relies on
intra-node TP and EP, which produce large collective mes-
sages that are well-suited for HyLink. We serve Qwen3-32B
with TP=4/PP=2 on Platform D using vLLM Ascend [30].
Compared to HCCL, HyLink reduces end-to-end batch la-
tency by 5.4%. These results demonstrate that HyLink’s high-
bandwidth capabilities are not limited to training workloads;



they are equally critical for alleviating communication bot-
tlenecks in LLM inference tasks, thereby expanding the ap-
plicability of high-performance collective communication
primitives to diverse LLM serving scenarios.

Coexistence with CPU Offloading. Our measurement in
§2.3 was conducted without CPU memory offloading mech-
anisms and showed PCle utilization below 1% of peak band-
width during intra-node collective windows. However, en-
abling offloading can introduce PCle contention when its
transfers overlap with collectives. This contention may slow
offloading transfers and degrade end-to-end performance if
those transfers lie on the critical path. The impact of this
limitation therefore depends on the workload and requires
further evaluation.

Host-Side Data Movement. PCle CCL supports two-hop
and three-hop routes across NUMA nodes. In two-NUMA
AllGather, two-hop routing (like Host Staging in Table 4)
uploads the same source chunk separately to both NUMA-
local host buffers for local downloads by peer GPUs. Three-
hop routing (Figure 4) replaces the second upload with H2H
forwarding. Since uploads and downloads share the band-
width of half-duplex DRAM channels, reducing uploads can
ease contention even when download volume is unchanged.
However, H2H places additional pressure on host memory
because DMA can bypass CPU caches and require the CPU
to reread the staged data from DRAM before writing another
host copy. The tradeoff between reduced PCle uploads and
additional memory accesses therefore needs to be evaluated
experimentally on the target machine.

Data Layout in Multipath Orchestrator. Multipath Or-
chestrator splits a collective at the chunk level. For each
logical chunk, the dedicated-link path handles the leading
portion and the PCle path handles the remaining portion
through PCIe CCL’s strided collective interface. This map-
ping works naturally for element-wise collectives such as
AllReduce, where both portions correspond to fixed out-
put offsets. AllGather and ReduceScatter expose the main
compatibility issue because their standard CCL interfaces
write compact outputs for each path rather than leaving
holes for the other path’s portion. PCle CCL can write its
strided portion directly, but the vendor CCL output may need
one device-side copy to merge the compact result into the
final layout. Backends with an AllGatherV-style or Reduce-
ScatterV-style primitive, or direct placement into strided
output offsets, can avoid this copy by writing each subrange
to its final position. Multipath Orchestrator can adopt such
interfaces, including future NCCL variable-size collective in-
terfaces, without changing its higher-level split and fork-join
design.

6 Related Work

Collective Communication Algorithms. Extensive re-
search has been devoted to optimizing collective commu-
nication algorithms. Classic designs such as Ring [4] and
Double Binary Tree [14] trade off between bandwidth uti-
lization and latency. For heterogeneous interconnects, Blue-
Connect and Themis [7, 23] decompose AllReduce along
hierarchical topology levels to balance load across links.
Other work targets specific physical topologies such as torus,
mesh, and reconfigurable optical networks [17, 26, 33]. Since
hand-crafted algorithms struggle to generalize across diverse
topologies, automated synthesis has attracted growing at-
tention. Blink [31] formulates bandwidth-optimal collectives
as maximum-weight spanning tree packing. SCCL [2] first
performs joint latency-bandwidth Pareto optimization via
SMT solving but faces exponential blowup at larger scales.
Subsequent work [3, 19, 27, 35] improves scalability through
search space pruning, alternative mathematical formulations,
and topology symmetry exploitation. HyLink is orthogonal
to these algorithms and could adopt them.

Collective Communication Libraries. The systems com-
munity has built production-grade libraries integrating algo-
rithm selection, tuning, and transport optimization. Vendor
CCLs such as NCCL [21],RCCL [1], and HCCL [9] bundle pre-
defined algorithms with heuristic selection mechanisms. Au-
toCCL [36] applies coordinate descent for automated param-
eter tuning. TCCL [15] profiles NUMA-aware PCle costs to
find optimal ring orderings for PCle clusters. MSCCLang [8]
provides a chunk-oriented DSL and low-level asynchronous
primitives for expressing and executing collective algorithms
on GPUs, and ResCCL [18] introduces primitive-level sched-
uling to maximize link utilization across micro-batches. At
the transport level, recent work [24, 39] explores multi-NIC
bandwidth aggregation and flexible RDMA transport. How-
ever, these libraries and frameworks model the topology as
flat GPU-to-GPU edges; HyLink breaks this abstraction by
natively modeling the PCle hierarchy with the CPU as an
active participant.

Multipath Collective Communication. Several recent
works split collective traffic across multiple interconnects to
aggregate their bandwidth. Blink [31] combines NVLink and
PCle, but incurs overhead from toggling GPU peer access
and uses a fixed traffic split that cannot adapt to runtime
PCle interference. MPCCS [37] combines scale-up and scale-
out networks, targeting servers with a dedicated NIC per
GPU and spare scale-out bandwidth. FlexLink [29] adaptively
combines NVLink, PCle, and RDMA, but its PCle ring can
incur redundant transfers on hierarchical PCle topologies.
HyLink exploits available PCle bandwidth across diverse
PCle topologies and adapts to runtime interference without
requiring sufficient scale-out bandwidth.
Communication-Computation Co-Optimization. An-
other line of work hides communication latency through



compute-communication overlap and fusion. CoCoNet [13]
provides a unified DSL for semantics-preserving fusion and
overlap transformations. Centauri [5] exposes finer-grained
overlap opportunities by partitioning collective communi-
cation according to primitive type, hardware topology, and
workload structure. Concerto [6] formulates communication
scheduling as a resource-constrained scheduling problem
and uses automatic decomposition to create overlap oppor-
tunities for critical communication. Chimera [22] focuses on
hybrid parallel LLMs and reduces redundant data movement
by reordering operators and fusing adjacent communica-
tion operators. These techniques are orthogonal to HyLink,
which optimizes the collective primitive itself.

7 Conclusion

This paper presents HyLink, a two-layer collective commu-
nication framework for exploiting PCle bandwidth in dis-
tributed LLM training. HyLink addresses two limitations in
current CCL designs. PCle CCL tackles the PCle topology
mismatch with a CPU-driven DSL and a pipelined copy-
engine runtime for PCle-aware routes. Multipath Orchestra-
tor tackles the PCle aggregation gap by splitting collectives
across PCle and the dedicated interconnect with runtime
feedback. Our evaluation shows that HyLink makes effective
use of PCle bandwidth and delivers practical gains across
PCle-only and hybrid-link configurations.
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