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Abstract—The ring algorithm is a key communication pat-
tern for optimizing collective operations, particularly for large-
message collectives such as Allreduce and Allgather, which are
critical for efficient AI model training. While the traditional
ring algorithm exchanges data sequentially, it does not fully
exploit all available HCAs in modern high-performance clusters,
leaving potential bandwidth underutilized. In this work, we
introduce a GPU-based, topology-aware, hierarchical, and highly
scalable communication approach called Parallel Rings, which
fully leverages inter-node bandwidth and significantly enhances
large-message collective performance. Our design (implemented
in Open MPI) also supports effective overlap between intra-
and inter-node communication phases. Furthermore, we highlight
the importance of selecting an efficient intra-node algorithm
and propose a congestion-aware algorithm optimized for nodes
with inter-socket GPU topologies. We extensively evaluate our
design on different cluster architectures and benchmarking
levels, providing detailed performance analysis. We compare our
design with the state-of-the-art communication libraries, and the
experimental results show that our approach reduces Allgather
latency up to 74%, 80%, and 31% compared to Open MPI,
MVAPICH-Plus, and NCCL, respectively.

Index Terms—GPU-based Allgather, Parallel Rings, Multi-
HCA, Topology-aware, Fully Sharded Data Parallelism (FSDP)

I. INTRODUCTION

The rapid advancement of Artificial Intelligence (AI) has
driven the development of increasingly large and complex
models, such as Large Language Models (LLMs) and trans-
formers. Training these expansive models necessitates dis-
tributing the computational workload across numerous GPUs
and nodes, which is known as distributed training. Central
to the efficiency of distributed training are collective com-
munication operations—Allreduce, Allgather, ReduceScatter,
and Alltoall—which facilitate the synchronization of model
parameters and the aggregation of gradients across multiple
devices. These collective communications can take a signifi-
cant fraction of training time in AI models and be constrained
by the GPU communication bandwidth [1–3].

Requirements such as large messages exchanged during
these collectives, bridging the bandwidth gap between intra-
and inter-node communication channels, and LLM commu-
nication patterns [4, 5] have significantly influenced server
design. Intra-node communication channels, such as NVIDIA’s
NVLink and AMD’s Infinity Fabric, offer high bandwidth
between GPUs within a single server, supporting efficient data
transfer for multi-GPU configurations. For instance, servers
with 4 GPUs often employ a full-mesh topology, providing

bi-directional links between any pair of GPUs (we will use
NVIDIA terms for the rest of the paper; however, our de-
sign applies to any vendor), enabling direct communication
between all GPUs. However, as distributed training scales to
hundreds or thousands of GPUs, the need for high-bandwidth
inter-node communication becomes critical. To bridge the
bandwidth gap between intra- and inter-node communications,
modern servers are equipped with multiple Host Channel
Adapters (HCA)s, enabling the capability of having higher
bandwidths across nodes. This architectural evolution has
emerged among supercomputers, according to the TOP500
list, which utilizes multiple HCAs per server to meet the
demanding requirements of large-scale AI model training [6].

GPU-aware communication libraries, such as Open MPI
[7] (with UCX [8] as the underlying communication frame-
work), commonly employ the ring algorithm to exchange large
messages across processes distributed over multiple nodes. In
this approach, a virtual ring is formed among the processes,
where each process communicates only with its immediate
neighbours—receiving data from the left and sending to the
right. While conceptually simple and effective for modest-
scale systems, this design exhibits two significant limitations.
First, as the system scales out, the linear nature of the ring
algorithm constrains performance: for P processes, the naı̈ve
ring requires P–1 sequential steps, which increases latency and
reduces throughput. Second, at each communication step, only
a single HCA per direction is utilized; for instance, in a server
with four HCAs and four GPU ranks, only rank 0 receives
from the network and only rank 3 sends, leaving the remaining
HCAs underutilized. Consequently, existing libraries fail to
exploit the full inter-node bandwidth available on multi-HCA
servers. To address this inefficiency, we propose a GPU-based,
multi-HCA-aware, topology-aware, hierarchical, and highly
scalable communication algorithm that employs Parallel Rings
(an algorithm in which multiple independent rings run in
parallel), enabling full utilization of inter-node bandwidth and
significantly improving large-message collective communica-
tion performance.

Allgather is a fundamental collective operation used across
a wide range of numerical workloads—including radix sort,
differential equation solvers, and especially matrix–matrix
multiplication [9], a core kernel in modern AI training [10].
Its importance has grown further with the emergence of Fully
Sharded Data Parallelism (FSDP), which improves memory
efficiency by sharding model parameters, gradients, and op-
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Fig. 1: Relative aggregate bandwidth of multi-pair point-to-
point test with 2, 3, and 4 processes per node compared to
one. Each process is mapped to a distinct HCA, and its data
resides in the GPU memory.

timizer states and reconstructing them via Allgather during
both forward and backward passes [11]. Because these phases
involve exchanging large messages, large-scale systems typi-
cally implement Allgather using the ring algorithm, making it
a prime target for optimization in our proposed multi-HCA-
aware communication design. Given the centrality of All-
gather in distributed matrix multiplication and FSDP-based AI
training, we include matrix multiplication as a representative
benchmark and use FSDP to evaluate the performance of our
optimized Parallel Rings at the application level. Although our
approach can be applied to any collective operation built on
a ring structure, this work focuses specifically on accelerating
Allgather and makes the following main contributions:

1) Hierarchical and Multi-HCA-Aware Algorithm: We
develop a communication algorithm using Parallel Rings that
leverages all the available HCAs in a server and has a
pipelined hierarchical structure to overlap intra- and inter-node
communication.

2) Scalable and Topology-Aware Design: By employing
Parallel Rings, our design improves algorithmic scalability
proportionally to the number of HCAs per server. Addition-
ally, the algorithm is topology-aware, adapting to intra-node
GPU configurations to maximize intra-node communication
efficiency.

3) Experiments and Analysis: We evaluated Parallel Rings
on two different systems with various interconnect and GPU
topologies at three benchmarking levels. We have achieved
up to 74%, 80%, and 31% speedup for Allgather over Open
MPI, MVAPICH-Plus [12] and NCCL [13]. We also provide
detailed analyses for observations at the application layer.

II. MOTIVATION AND BACKGROUND

A. Motivation

Modern clusters commonly include multiple HCAs per
server, offering the potential to narrow the gap between intra-
and inter-node communication by increasing inter-node band-
width, if all HCAs are effectively utilized. In the traditional
ring algorithm, however, only one rank per node participates
in inter-node communication in each direction, limiting band-
width to a single HCA and leaving the remaining HCAs idle.

GPU0 GPU1

GPU3GPU2

One or multiple CPU sockets

Bi-directional NVLink:

Bi-directional PCIe:

(a) NVLink-only connection
between all GPUs

CPU socket CPU socket

GPU0 GPU1 GPU2 GPU3

Bi-directional Intel UPI:

(b) NVLink/UPI connection between
GPUs

Fig. 2: Intra-node GPU topologies

To motivate the usage of multiple HCAs, Figure 1 shows rel-
ative aggregate bandwidth from the osu mbw mr test in OSU
Micro-Benchmarks (OMB) [14] when 2, 3, and 4 processes per
node are used, each bound to a distinct HCA with data residing
in GPU memory. The results scale nearly linearly with the
number of HCAs, showing the need for collective algorithms
to adapt to modern networking capabilities. As a result, the
traditional ring algorithm is no longer sufficient and must be
redesigned to scale with today’s networking architectures.

B. Existing Allgather designs

Since this work focuses on large message sizes (in the order
of megabytes), we specifically target the ring algorithm, which
is best suited for this message range and widely adopted in
modern GPU communication frameworks. GPU-aware com-
munication libraries such as Open MPI (with UCX) and NCCL
predominantly rely on the ring algorithm for exchanging
large inter-node messages in Allgather collective on large-
scale systems. In Open MPI, processes are organized in a
virtual flat ring where each process communicates only with
its immediate neighbours. While this method is conceptually
simple and effective for large message transfers, its linear
communication pattern and limited utilization of multiple
available HCAs lead to inefficient performance. NCCL also
employs a ring-based approach for the Allgather collective,
but its implementation is more sophisticated [15]. Rather than
using a single ring, NCCL constructs multiple logical commu-
nication paths, known as channels, which operate concurrently
to complete the collective. In NCCL, each channel corresponds
to a ring that processes a portion of the message (known
as a chunk), whose performance depends heavily on how
well NCCL adapts to the system’s software stack, hardware
topology, and available HCAs. Our design differs from NCCL
in several key aspects. First, while NCCL executes multiple
flat rings without distinguishing between intra- and inter-node
bandwidth, it utilizes only a subset of available intra-node
NVLink connections [16]. In contrast, our topology-aware
approach fully exploits all NVLink links, resulting in higher
overall link utilization. Second, every NCCL ring requires
P − 1 steps for P processes, constraining scalability at large



GPU counts, whereas our approach relaxes this limitation by
a factor equal to the number of HCAs, thereby improving
scalability. Third, our design assigns ring neighbours so that
GPUs with the same local rank participate in the same
ring, aligning naturally with rail-optimized network designs
commonly used in LLM training, an alignment that NCCL
rings do not necessarily provide.

C. Intra-node GPU Topology

In modern GPU-accelerated servers, intra-node connec-
tivity typically follows one of two high-level architectural
topologies. (1) All GPUs are interconnected via NVLink,
often arranged in a full-mesh configuration that provides each
GPU with dedicated high-bandwidth links to every other
GPU (Figure 2a). This design enables uniform communication
performance across all the GPUs in a node. (2), the topology in
systems where GPUs are distributed across two CPU sockets
and only GPUs within the same socket share NVLink con-
nectivity. Communication between GPUs on different sockets
must traverse inter-socket technologies such as Intel UPI, re-
sulting in significantly lower effective bandwidth compared to
NVLink (Figure 2b). This asymmetric connectivity introduces
performance heterogeneity that must be carefully considered
when designing communication algorithms.

III. DESIGN AND IMPLEMENTATION

In this section, we first discuss the advantages of Parallel
Rings, then present the general stage-based Allgather design,
and subsequently describe the Parallel Rings approach in detail
for each GPU topology.

1) Multi-HCA-aware: Unlike the conventional ring algo-
rithm, which employs only a single HCA (or at most two
HCAs but in a unidirectional manner), the Parallel Rings al-
gorithm leverages all available HCAs bi-directionally. This de-
sign enhances network parallelism and significantly increases
inter-node bandwidth, thereby reducing the performance gap
between intra-node and inter-node communication.

2) Hierarchical: The Parallel Rings employs a pipelined
hierarchical structure that enables overlap between intra- and
inter-node communications. While the message corresponding
to step i is exchanged across the nodes, the message for step
i− 1 is concurrently exchanged at the node level.

3) Scalable: At large scales, the linear progression of the
conventional ring algorithm limits performance. Specifically,
for P processes, a linear ring (such as Open MPI and NCCL)
requires P–1 sequential communication steps, resulting in
increased latency. In contrast, the proposed Parallel Rings
design enhances scalability by exploiting all of HCAs available
on a server. The number of required steps is effectively reduced
by a factor equal to the number of HCAs. This represents one
of our key advantages over NCCL, making Parallel Rings more
suitable for scaling to larger GPU counts. For example, with
P = 64 processes, the conventional ring requires 63 steps,
whereas the Parallel Rings require only (P/HCA)–1 steps.
Assuming four HCAs, this results in just 15 steps.
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Fig. 3: Design of Parallel Rings for 16 GPUs across 4 nodes.
The inter-node Parallel Rings design is independent of the
intra-node topology (e.g., full-mesh NVLink shown in this
figure)

4) Topology-aware: The Parallel Rings algorithm proposed
in this work leverages simultaneous parallel rings for inter-
node communication, making it applicable across diverse sys-
tem architectures. However, intra-node communication perfor-
mance is highly dependent on the underlying GPU topology.
We demonstrate that the GPU topology significantly influences
intra-node data exchange efficiency, highlighting the impor-
tance of selecting an appropriate intra-node algorithm. For
instance, while a linear Allgather algorithm achieves the best
performance on a full-mesh topology, it performs inefficiently
on a UPI-based system. The algorithms presented in this work
are therefore optimized for both topologies to ensure efficient
communication across different system configurations.

A. General Design

We decompose the Allgather operation into a three-stage
hierarchical algorithm:

• Stage 1 - Local Message Exchange (LME): This is
the initial one-time intra-node communication happening
between the GPUs on the same node to share their
messages. So, messages belonging to the local GPUs
within a node are exchanged.

• Stage 2 - Parallel Rings: This is the recurring inter-
node stage, which is consistent across all topologies,
employing multiple parallel rings rather than a single
ring. These rings operate simultaneously, with each ring
mapped to a distinct HCA. A ring consists of GPUs that
share the same local rank across all nodes; in other words,
GPUs with identical local ranks participate in the same
ring. Figure 3 illustrates this design. For example, GPUs
with local rank 0 (ranks 0, 4, 8, 12, . . . ) form one ring,
GPUs with local rank 1 (ranks 1, 5, 9, 13, . . . ) form
another, and so forth.

• Stage 3 - Remote Message Exchange (RME): This is the
recurring intra-node communication stage in which the



2MB 4MB 8MB 16MB 32MB 64MB 128MB 256MB
Message Size

0

20

40

60

80

La
ten

cy
 (u

s)
Ibcast: Linear Ibcast: BTDD Ibcast: BTDH Ibcast: K-nomial Iallgather: Linear Iallgather: RD

Fig. 4: Latency of different algorithms for intra-node communication (Stage 1 and Stage 3), Full-mesh topology. Measurements
are done on a single node of cluster B described in Section IV-A.

received messages from remote GPUs in the second stage
are exchanged between GPUs on the same node. The
specific algorithm and ordering of the exchange depends
on the intra-node GPU topology. Stages 1 and 3 are intra-
node communication, so we use the same collective for
both, depending on the intra-node topology. Our design
aims to maximize the overlap between inter-node and
intra-node communication to improve overall efficiency.

B. Cluster-wide Parallel Rings Allgather with Full-mesh
Intra-node Topology

In architectures with a full-mesh topology, all four GPUs
receive a message from the network at each step—originating
from other ranks within their ring—that must be redistributed
to other GPUs on the same node. Several strategies can be
employed for this redistribution. Broadly, these approaches fall
into two categories: (1) an intra-node non-blocking broadcast
(Ibcast) from each rank, implemented using algorithms such
as Linear, Binomial Tree with Distance Doubling (BTDD),
Binomial Tree with Distance Halving (BTDH), or K-nomial
tree (K equals 4 for all K-nomial-based collectives throughout
this work); or (2) an intra-node non-blocking Allgather (Iall-
gather) among local ranks, using either a Linear algorithm or
Recursive Doubling (RD). Figure 4 presents the latency of
these intra-node algorithms on a full-mesh topology.

As shown in Figure 4, Linear and K-nomial algorithms show
the lowest latency for intra-node communication, which is due
to the existence of bi-directional NVLink connections between
every pair of GPUs. Consequently, we adopt the Linear algo-
rithm for the intra-node communication stages of the Allgather
on full-mesh topologies. Algorithm 1 presents the cluster-wide
Allgather procedure for such systems. At initialization, each
GPU rank copies its own data into its designated region of
the final rbuf (Lines 4-5). The variable localsize denotes the
number of GPU ranks on a node, and localrank refers to a
rank’s index within the node, ranging from 0 to localsize−1.
These values are cached to avoid runtime overhead. During
Stage 1, i.e., LME, (Lines 7–16), GPUs on the same node
exchange their messages using the Linear algorithm so that
each local rank obtains the message from all other ranks
on that node. Next, each rank determines its incoming and
outgoing neighbours within its own ring (Lines 17-18). Unlike
the conventional ring algorithm—where neighbours are one
rank apart—in the Parallel Rings design, the rank distance

Algorithm 1: Cluster-wide Parallel Rings Allgather
with Full-mesh Intra-node Topology

Input : sbuf, scount, sdtype, rbuf, rcount, rdtype, comm
Output: All data gathered in rbuf across all ranks

1 ompi_coll_base_parallel_rings_Allgather()
2 size ← comm.size() ; // Total number of ranks
3 rank ← comm.rank() ; // Rank of this process
// Copy local send buffer into receive buffer

4 if sbuf ̸= IN PLACE then
5 Copy sbuf to rbuf [rank];

// Initialize local rank and size (cached)
6 localrank, localsize ← precomputed values;
7 for q = 0 to localsize - 1 do
8 if q = localrank then
9 continue

10 target ← q + (rank - localrank);
11 Irecv rbuf[target] from target ; // Receive local data

12 for q = 0 to localsize - 1 do
13 if q = localrank then
14 continue
15 target ← q + (rank - localrank);
16 Isend rbuf[rank] to target ; // Send local data

17 outgoing neighbour ← (rank + localsize) mod size;
18 incoming neighbour ← (rank − localsize+ size) mod size;
19 new comm size ← size/localsize;
20 for i = 0 to new comm size - 2 do
21 recv src ← (rank − (localsize ∗ (i+ 1)) + size) mod size;
22 send src ← (rank − (i ∗ localsize) + size) mod size;
23 Sendrecv: (1) send rbuf[send src] to outgoing neighbour and

(2) receive rbuf[recv src] from incoming neighbour;
24 for q = 0 to localsize - 1 do
25 if q = localrank then
26 continue
27 target ← q + (rank − localrank);
28 offset ← (target− localsize ∗ (i+1)+ size) mod size;
29 Irecv rbuf[offset] from target ; // Receive remote

data

30 for q = 0 to localsize - 1 do
31 if q = localrank then
32 continue
33 target ← q + (rank − localrank);
34 Isend rbuf[recv src] to target ; // Send remote data

between a GPU and its neighbours equals the number of local
ranks per node (localsize). The recurring communication loop
(Lines 20–34) then begins. In each iteration, a GPU rank
computes the indices of the message segments to send/receive
to/from remote GPUs, i.e., Stage 2 (Lines 21–23). While this
inter-node transfer is taking place, the intra-node exchange
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Fig. 5: Comparison of the congestion impact factor (relative performance) on inter-socket topology (Figure 2b) for intra-node
(top) and multi-node (bottom) communication across various algorithms and message sizes. At each message size, algorithm
latencies are normalized relative to the lowest latency achieved at that size among all algorithms. Measurements are done on
cluster A described in Section IV-A.

from the previous iteration proceeds concurrently, i.e., Stage
3 or RME, (Lines 24–34), again using the Linear algorithm,
which, as shown earlier, provides the lowest latency for full-
mesh intra-node communication.

C. Cluster-wide Parallel Rings Allgather with Inter-socket
Intra-node Topology

The intra-node communication stages on systems where
GPUs must traverse an inter-socket path (e.g., UPI) experience
substantial performance degradation compared to NVLink-
connected configurations. The non-blocking collectives used
for intra-node stages—namely Ibcast and Iallgather—employ
a range of algorithms whose communication patterns, when
mapped onto an inter-socket topology, may introduce unin-
tended congestion or redundant data transfers. Table I sum-
marizes these algorithms and analyzes the factors contributing
to their performance degradation on inter-socket systems,
highlighting the necessity of developing topology-aware com-
munication patterns. Based on this, we present our enhanced
congestion-aware algorithm specifically designed to improve
performance on inter-socket GPU topologies.

In the Ibcast collective using the Linear algorithm, each
GPU rank receives data from the other three ranks. Commu-
nication with the NVLink-connected peer proceeds efficiently;
however, communication across the socket is suboptimal. Re-
ceiving data from inter-socket GPUs leads to incast congestion,
while sending to them incurs serialization, as the copy engine
obtains exclusive access to the transfer bus (PCIe or NVLink).
The BTDD algorithm initially causes incast congestion at
rank 1 and subsequently suffers from inter-socket serialization
between ranks (0,2) and (1,3). The BTDH algorithm mitigates
this behaviour by beginning with a congestion-free step, but it
still encounters serialization in the second step. The effect is
less severe because some UPI-based serialization is replaced
by the faster NVLink-based serialization. The Ibcast K-nomial
algorithm and the Iallgather Linear algorithm exhibit the same

TABLE I: Congestion Analysis of Intra-node GPU Com-
munication on Inter-socket Topology (Figure 2b). (I: Incast
congestion, S: Serialization, D: Duplicate data transfer, F:
Congestion-free)

Algorithm Step 1 Step 2 Step 3

Ibcast: Linear

0 → 1 F
1 → 0 F
2 → 0 I
3 → 0 I

0 → 2 I
1 → 2 I
2 → 1 I
3 → 1 I

0 → 3 I
1 → 3 I
2 → 3 F
3 → 2 F

Ibcast: BTDD
(Binomial Tree

Distance Doubling)

0 → 1 F
1 → 0 F
2 → 1 I
3 → 1 I

0 → 2 S
1 → 3 S
0 → 2 S
1 → 3 S
2 → 0 F
1 → 3 S
3 → 2 F
1 → 0 F

N/A

Ibcast: BTDH
(Binomial Tree

Distance Halving)

0 → 2 F
1 → 3 F
2 → 0 F
3 → 1 F

0 → 1 S
2 → 3 S
1 → 2 S
3 → 0 S
2 → 3 S
0 → 1 S
3 → 0 S
1 → 2 S

N/A

Iallgather: RD
(Recursive
Doubling)

0 → 1 F
1 → 0 F
2 → 3 F
3 → 2 F

0 → 2 D
1 → 3 D
2 → 0 D
3 → 1 D

N/A

Proposed
(congestion-aware)

0 → 1 F
1 → 0 F
2 → 3 F
3 → 2 F

0 → 2 F
1 → 3 F
2 → 1 F
3 → 0 F

0 → 1 F
1 → 0 F
2 → 3 F
3 → 2 F

communication pattern and associated inefficiencies as the Ib-
cast Linear algorithm. For the Iallgather RD algorithm, the first



step is entirely congestion-free because each rank exchanges
data solely with its NVLink-connected peer. However, in the
subsequent step, each GPU transfers its own data plus the
accumulated data from the previous step to a rank across the
socket. While this strategy reduces the number of steps and
is effective for smaller message sizes, it becomes increasingly
inefficient as message sizes grow. As a result, to address these
issues, we enhance intra-node communication by reordering
selected operations. In our congestion-aware algorithm, each
rank first shares its data with its NVLink-connected peer. We
then construct a virtual ring (0 → 2 → 1 → 3 → 0) in
which each rank forwards only its own data, reducing the
inter-socket transfer volume by half. In the final step, NVLink-
connected peers exchange the data received from across the
socket. This method fully eliminates congestion at the cost of
one additional step compared with the RD algorithm.

Figure 5 presents a relative comparison of the intra-node
communication latency for the proposed congestion-aware
algorithm. We quantify this comparison using the Congestion
Impact Factor (CIF), which reflects how much slower each
algorithm is relative to the minimum latency observed at
each message size (i.e., the best-performing algorithm at
that size). Our congestion-aware algorithm delivers latency
improvements of 74.6%, 68.2%, 60.5%, 75.7%, 75.5%, and
40.5% over Ibcast with Linear, BTDD, BTDH, K-nomial,
and Iallgather with Linear and RD algorithms, respectively.
The maximum CIF observed across all cases is 4.57. Figure
5 also shows a similar comparison at the multi-node scale,
where Parallel Rings are used for inter-node communication,
and one of the evaluated algorithms is used for intra-node
communication. In this setting, the maximum CIF decreases
to 2.24, demonstrating the positive impact of overlapping inter-
node and intra-node communication. However, the results also
indicate that intra-node communication is not fully overlapped,
underscoring the need for a topology- and congestion-aware
intra-node algorithm. For our final evaluations in Section
IV, we adopt the proposed congestion-aware algorithm for
intra-node communication on inter-socket topologies. Note
that, regardless of the intra-node topology, the Parallel Rings
algorithm is used for inter-node communication.

Figure 6 shows how the receive buffer for each rank on a
node is populated at a specific iteration (considering 16 GPUs
across 4 nodes). Algorithm 2 presents the cluster-wide proce-
dure for inter-socket systems. The calculation of outgoing and
incoming neighbours for inter-node communication follows
the same approach as in Algorithm 1 (Lines 8–10). Next, each
rank determines the local and global ranks of its NVLink-
connected peer (Lines 11–16). Then, each rank computes
the local and global ranks for UPI-based communication for
both sending and receiving. The send and receive peers differ
because we form a virtual ring (bottom-right in Figure 6)
(Lines 17–26). We further decompose the congestion-aware
intra-node algorithm to account for dependencies between
phases. Specifically, since the second and third phases are
dependent, for each iteration of intra-node communication,
the first and second phases are executed in the current iter-

Algorithm 2: Cluster-wide Parallel Rings Allgather
with Inter-socket Intra-node Topology

Input : sbuf, scount, sdtype, rbuf, rcount, rdtype, comm
Output: All data gathered in rbuf across all ranks

1 ompi_coll_base_parallel_rings_Allgather()
2 bufLDE[ localsize ];
3 bufLDEprev[ localsize ];
4 size ← comm.size() rank ← comm.rank()
5 if sbuf ̸= IN PLACE then
6 Copy sbuf to rbuf [rank];

7 localrank, localsize ← precomputed values;
8 outgoing neighbour ← (rank + localsize) mod size;
9 incoming neighbour ← (rank − localsize+ size) mod size;

10 new comm size ← size/localsize;
11 if rank mod 2 = 0 then
12 GlobalPeerNVLink ← rank + 1;
13 LocalPeerNVLink ← localrank + 1;

14 else
15 GlobalPeerNVLink ← rank - 1;
16 LocalPeerNVLink ← localrank - 1;

17 pos ← −1;
18 for k = 0 to localsize - 1 do
19 if L[k] = localrank then
20 pos ← k;
21 break;

22 LocalPeerUpiSend ← L[(pos+ 1) mod localsize];
23 LocalPeerUpiRecv ← L[(pos− 1 + localsize) mod localsize];
24 nodeBase ← localsize * (rank / localsize);
25 GlobalPeerUpiSend ← LocalPeerUpiSend + nodeBase;
26 GlobalPeerUpiRecv ← LocalPeerUpiRecv + nodeBase;

27 tmprecv ← rbuf + (GlobalPeerNVLink * rcount);
28 tmpsend ← rbuf + (rank * rcount);
29 Irecv tmprecv from GlobalPeerNVLink;
30 Isend tmpsend to GlobalPeerNVLink;

31 tmprecv ← rbuf + (GlobalPeerUpiRecv * rcount);
32 tmpsend ← rbuf + (rank * rcount);
33 Irecv tmprecv from GlobalPeerUpiRecv;
34 Isend tmpsend to GlobalPeerUpiSend;

35 for i = 0 to new comm size - 2 do
36 recvdatafrom

← ( rank − (localsize ∗ (i+ 1)) + size ) mod size;
37 senddatafrom ← ( rank − (i ∗ localsize) + size ) mod size;
38 for j = 0 to localsize - 1 do
39 bufLDE[j] ← ( (rank − localrank + j)− ((i+ 1) ∗

localsize) + size ) mod size;
40 bufLDEprev[j] ← ( (rank − localrank + j)− (i ∗

localsize) + size ) mod size;

41 tmprecv ← rbuf + (recvdatafrom * rcount);
42 tmpsend ← rbuf + (senddatafrom * rcount);
43 Sendrecv tmpsend → outgoing neighbour and receive tmprecv

← incoming neighbour;

44 tmprecv ← rbuf + (bufLDEprev[LocalPeerUpiSend] * rcount);
45 tmpsend ← rbuf + (bufLDEprev[LocalPeerUpiRecv] * rcount);
46 Irecv tmprecv from GlobalPeerNVLink;
47 Isend tmpsend to GlobalPeerNVLink;

48 tmprecv ← rbuf + (bufLDE[LocalPeerNVLink] * rcount);
49 tmpsend ← rbuf + (bufLDE[localrank] * rcount);
50 Irecv tmprecv from GlobalPeerNVLink;
51 Isend tmpsend to GlobalPeerNVLink;

52 tmprecv ← rbuf + (bufLDE[LocalPeerUpiRecv] * rcount);
53 tmpsend ← rbuf + (bufLDE[localrank] * rcount);
54 Irecv tmprecv from GlobalPeerUpiRecv;
55 Isend tmpsend to GlobalPeerUpiSend;
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Fig. 6: Visual illustration of communication patterns in the proposed congestion-aware algorithm for inter-socket topologies.
The correspondence between the lines of Algorithm 2 and the manner in which the rbuf is populated is shown.

ation, while the third step is deferred to the next iteration.
This ensures that the required data for the third phase is
available when needed. Consequently, Lines 27–34 implement
the first and second phases of Stage 1, i.e., LME. Lines 36-
40 calculate the indices of message segments for Stage 2
and Stage 3. Lines 41–43 implement the recurring Parallel
Rings (Stage 2) for inter-node communication, overlapped
with intra-node communication. During each iteration of inter-
node communication, e.g., iteration i (top-left situation in
Figure 6), the algorithm simultaneously executes the third
phase of intra-node communication from iteration i–2 (Lines
44-47 in Algorithm 2 and top-middle in Figure 6), the first
phase of iteration i− 1 (Lines 48-51 in Algorithm 2 and top-
right in Figure 6), and the second phase of iteration i–1 (Lines
52-55 in Algorithm 2 and bottom-left in Figure 6). In contrast
to Algorithm 1, which overlaps two consecutive iterations
to combine intra- and inter-node communication, Algorithm
2 overlaps decomposed communication phases from three
consecutive iterations. This design maximizes overlap and
improves overall performance on inter-socket topologies.

IV. PERFORMANCE EVALUATION AND ANALYSIS

A. Experimental Setup

We have used two clusters in this study: A and B. Cluster
A features four A30 (24GB) GPUs per node, with two GPUs
attached to each socket. GPUs within the same socket are inter-
connected via NVLink (NV4), while communication between
GPUs across sockets traverses UPI. Cluster B is equipped with
four NVIDIA H100 (80GB) GPUs per node, configured in
a full-mesh NVLink topology (NV6). Both clusters use four
high-speed InfiniBand ports per node, with cluster A providing
100Gb/s per port (two per socket) and cluster B providing
200Gb/s per port. In both configurations, each GPU has a
dedicated inter-node communication channel. Cluster A uses
two Intel Xeon Gold 6338 CPUs, whereas cluster B uses a
single AMD EPYC 9454 processor. It is worth noting that
our goal is not to compare clusters but to demonstrate the
applicability of our design across a variety of topologies.

We compare our work against three widely used communi-
cation libraries: Open MPI, MVAPICH-Plus, and NCCL. Open
MPI is an open-source, high-performance implementation of
the Message Passing Interface (MPI) standard. In this study,

we use Open MPI v4.1.8 with UCX 1.19.0, as it yielded more
stable and performant baseline results compared to version
5. MVAPICH-Plus v4.1 is an advanced MPI library that uni-
fies the capabilities of MVAPICH2-GDR and MVAPICH2-X.
NCCL (v2.27.3) is a high-performance communication library
optimized for NVIDIA GPUs. All three libraries evaluated
in this work are GPU-aware and were tuned for maximum
performance using their respective environment variables.

We evaluate our work at three different levels. At the
microbenchmark level, we use Allgather from OMB. Because
this study focuses on large message sizes, we select message
ranges between 2MB and 256MB. On cluster A, experiments
use 16 GPUs (maximum count available), while on cluster
B, we extend the evaluation to 32 and 64 GPUs. We then
assess our design using a distributed matrix multiplication
application. The program operates on three matrices: A of
size M × K, B of size K × N , and C of size M × N ,
where C = A × B. Matrices A and B are partitioned across
all ranks. The program first performs an Allgather on matrix
B so that every GPU obtains the full matrix. Each rank then
computes the multiplication of its local portion of matrix A
with matrix B to produce a partial result of the final output.
A second Allgather is subsequently performed to assemble
the complete result matrix across all ranks. All buffers in this
application are allocated directly on the GPU. At each GPU
count, the dimensions M , K, and N are chosen to ensure that
both Allgather operations involve large message exchanges,
consistent with the objectives of this work. The correctness
of all microbenchmark experiments was verified using the
--validation flag. We use 50 warm-up iterations followed
by 200 measurement iterations.

At the application level, we evaluate our work using FSDP
to train a neural network (using PyTorch v2.8.0 [11]). FSDP
reduces GPU memory usage by sharding model parameters,
gradients, and optimizer states across GPUs. The model used
in our experiments follows a Transformer-style architecture
composed of multiple identical blocks, each containing lin-
ear layers with residual connections and ReLU activations.
The entire model is wrapped with FSDP, and a final linear
projection layer processes the output of the stacked blocks.
To study communication behaviour, we vary the hidden layer
size across 4096, 8192, 16384, and 32768. The model is
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Fig. 7: Comparison of OMB Allgather latency between Open MPI, MVAPICH-Plus, NCCL, and the proposed Parallel Rings
from top to bottom: cluster A (16 GPUs), cluster B (32 and 64 GPUs)

8kx8kx8k
(16MB)

8kx8kx16k
(32MB)

16kx16kx16k
(64MB)

16kx16kx32k
(128MB)

32kx32kx32k
(256MB)

0

250

500

750

1000

1250

L
at

en
cy

 (
m

s)

Open MPI
MVAPICH-Plus
NCCL
Parallel Rings

30

35

40

45

Im
pr

ov
e 

ov
er

 O
pe

n 
M

P
I 

(%
)

8kx8kx16k
(16MB)

16kx16kx16k
(32MB)

  16kx16kx32k
(64MB)

    32kx32kx32k
(128MB)

       32kx32kx64k
(256MB)

0

200

400

600

800

L
at

en
cy

 (
m

s)

20

30

40

50

Im
pr

ov
e 

ov
er

 O
pe

n 
M

P
I 

(%
)

NCCL
Parallel Rings

8kx8kx32k
(16MB)

16kx16kx32k
(32MB)

   32kx32kx32k
(64MB)

    32kx32kx64k
(128MB)

        32kx32kx128k
(256MB)

0

500

1000

1500

L
at

en
cy

 (
m

s)

20

30

40

50

Im
pr

ov
e 

ov
er

 O
pe

n 
M

P
I 

(%
)
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trained for 100 iterations (batch size = 64). FSDP training
involves two collectives: ReduceScatter (RS) and Allgather.
For a fair comparison across communication libraries, we
optimize the Open MPI implementation (not algorithm) of RS
so that the impact of our work on Allgather performance can
be clearly observed. In the baseline implementation, Open MPI
cannot perform reduction directly on GPU-resident buffers.
As a result, GPU buffers are first copied to host memory,
reduced on the CPU, and the result is then transferred back to
GPU memory. In addition, Open MPI allocates intermediate
buffers along the critical execution path, which introduces
non-negligible overhead. In our optimized RS implementation,
all required intermediate buffers are pre-allocated, thereby
removing dynamic memory allocation from the critical path.
Moreover, the reduction is performed entirely on the GPU,
which is significantly faster than the CPU and eliminates
intermediate GPU↔CPU data transfers. These RS implemen-
tation optimizations are independent of, and orthogonal to,
the proposed Allgather design; therefore, their performance

benefits compound in the overall application-level results.

B. Microbenchmark and Kernel-Level Studies

Figure 7 presents the OMB Allgather latency comparison
between our Parallel Rings design and the evaluated commu-
nication libraries. On cluster B with 32 GPUs, our approach
achieves latency improvements of up to 74%, 80%, and 31%
over Open MPI, MVAPICH-Plus, and NCCL, respectively. At
64 GPUs, the corresponding improvements are 73%, 76%, and
27%. On cluster A with 16 GPUs, our design outperforms
Open MPI and MVAPICH-Plus by 68% and 75%, respectively.
For NCCL on cluster A, our performance is comparable,
achieving similar latency to NCCL. Figure 8 shows the latency
comparison of Generalized Matrix Multiplication (GEMM)
across Parallel Rings and other communication libraries.
Each bar reports the measured program latency. The pink
dashed line indicates the improvement of NCCL over Open
MPI, while the blue dashed line represents the improvement
achieved by Parallel Rings over Open MPI. As shown, the
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trend closely follows that of the Allgather microbenchmark,
as communication remains the dominant cost in the GEMM
workflow. The Allgather message size used in the program
scales with the input matrix dimension, which is reported for
each input case.

C. Application-Level Studies

Figure 9 reports the application-level results for FSDP.
As noted at the end of Section IV-A, we also optimized
the ReduceScatter collective to ensure a fair comparison. To
illustrate the impact of this optimization, we include the naı̈ve
Open MPI (without RS optimization) on cluster A, and cluster
B with 32 GPUs; the behaviour on cluster B with 64 GPUs
follows the same trend. Parallel Rings in these figures also
incorporate the RS optimization. The results show that RS
optimization significantly reduces the overall training time, yet
Parallel Rings still achieves lower latency, indicating that the
two optimizations are orthogonal. On cluster A, Parallel Rings
outperform Open MPI and MVAPICH-Plus by up to 45%
and 66%, respectively, although it remains 16% slower than
NCCL. On cluster B with 32 GPUs, the improvements reach
49%, 69%, and 46% compared to Open MPI, MVAPICH-Plus,
and NCCL, respectively. For cluster B with 64 GPUs, the
corresponding gains are 49%, 64%, and 33%.

D. Results Analysis

In the following, we address several observations at the
application layer. 1 Performance improvements at the ap-
plication layer are typically smaller than those observed in
microbenchmarks. However, comparing the OMB and FSDP
results for RS-optimized Open MPI shows that the improve-
ments at the application layer remain high and closely track
the microbenchmark trends. To understand this, we profiled
the latency breakdown of FSDP on both clusters, with and
without RS optimization, as shown in Figure 10c. Before
RS optimization, ReduceScatter dominates FSDP’s runtime;
therefore, improvements in Allgather alone would have had
a limited impact. After RS optimization, however, Allgather
becomes the primary contributor to latency, which explains
why the gains from Parallel Rings remain substantial and
comparable to those observed in the microbenchmarks when
evaluated against RS-optimized Open MPI. 2 The improve-
ment achieved by Parallel Rings over MVAPICH-Plus at the
application layer is larger than the improvement observed
in the microbenchmarks. This outcome arises because the

benefits at the application layer are driven by both the Par-
allel Rings design and the RS optimization. As Figure 10b
illustrates, our optimized ReduceScatter significantly outper-
forms MVAPICH-Plus. Consequently, the combination of the
RS optimization and the improved Allgather performance
amplifies the overall application-level improvement beyond
what is captured in microbenchmarks, which isolate only the
Allgather optimization. 3 Why does NCCL achieve lower
latency for FSDP on cluster A? FSDP’s performance is deter-
mined primarily by ReduceScatter and Allgather. While our
Parallel Rings implementation for Allgather closely matches
NCCL on cluster A (because of inter-socket optimization and
congestion-aware algorithm), and our general RS optimization
performs well, ReduceScatter is not optimized in our design
for inter-socket communication across UPI. As confirmed in
Figure 10a, NCCL’s ReduceScatter outperforms our current
RS optimization in such cross-socket scenarios, explaining
why NCCL achieves lower FSDP latency.

V. DISCUSSION

A. Applicability to other Collectives

For large messages, Allreduce is implemented using Ring,
Segmented Ring, and RSA (ReduceScatter followed by All-
gather) schemes [17]. In both the Ring and Segmented Ring
approaches, the communication pattern is identical to that
of Allgather: each process with rank P sends data to rank
P +1 and receives data from rank P −1. Consequently, these
schemes exhibit the same HCA underutilization as Allgather
and can therefore benefit from the proposed Parallel Rings
technique. RSA consists of two phases. The ReduceScatter
phase is implemented using recursive vector halving and re-
cursive distance doubling (which takes log2 P steps), followed
by an Allgather phase based on recursive vector doubling
and recursive distance halving (taking log2 P steps). With
this communication pattern, and considering, for example,
a configuration with four GPUs per node, only two of the
total 2 ∗ log2 P communication steps are intra-node. For large
GPU counts, where 2 ∗ log2 P ≫ 2, the majority of the
communication steps are inter-node. As a result, all GPUs
within a node actively utilize their corresponding HCAs, and
no HCA remains underutilized. When both the ReduceScatter
and Allgather phases of RSA are implemented using a ring-
based algorithm, as is the case in NCCL, the proposed Parallel
Rings optimization is directly applicable. In Open MPI, Re-
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Fig. 10: Detailed application-level analyses

duceScatter for large messages is implemented using either the
Ring or Butterfly algorithms. The Ring-based implementation
follows the same communication pattern as Allgather. This
leads to HCA underutilization and is therefore well-suited
to the proposed Parallel Rings optimization. The Butterfly
algorithm uses recursive distance doubling and, after the first
two steps for large GPU counts, fully utilizes all HCAs.

B. Overlapping Effect

Overall performance is governed by the extent to which
intra-node communication can be overlapped with inter-node
communication, which is influenced by the underlying intra-
node topology and the selected intra-node algorithm. On the
full-mesh topology, inter-node and intra-node communications
progress concurrently, resulting in full overlap of intra-node
transfers, whereas on the inter-socket topology, the achiev-
able overlap depends on the specific intra-node algorithm,
with some algorithms enabling substantially higher overlap
and therefore incurring lower bottlenecks. Consequently, the
observed performance differences between clusters A and
B stem from the combined effects of HCA bandwidth and
intra-node topology. As long as the full-mesh topology is
used, the bandwidth ratio between intra-node and inter-node
communication channels has only a limited impact on the
overall performance of hierarchical collectives. Although the
balance between intra-node and inter-node bandwidth can
influence performance, this effect is rarely observed on full-
mesh platforms, since modern intra-node interconnects such
as NVLink provide at least four times higher bandwidth than
the inter-node network. This advantage can be substantially
diminished in architectures that rely on inter-socket commu-
nication links, such as UPI, for intra-node data movement,
which significantly reduces effective intra-node performance.

VI. RELATED WORKS

A. Multi-HCA Allgather

A recent study [18] has proposed hierarchical, Multi-HCA-
Aware (MHA) designs for the Allgather collective in MPI,
targeting performance optimization in CPU-only systems with
multi-rail networks. Motivated by the imbalance between
inter-node bandwidth and limited intra-node shared-memory
bandwidth, these works address inefficiencies in traditional

collectives that underutilize available HCAs. Their approach
consists of two components: the MHA-intra design, which
leverages idle HCAs to accelerate intra-node data movement,
and the hierarchical MHA-inter design, which overlaps inter-
node communication with intra-node transfers to alleviate
bandwidth disparities. Although evaluated on systems like
Argonne’s ThetaGPU, the focus remains on addressing CPU-
side communication bottlenecks rather than GPU acceleration.
Suresh et al. [19] presented basic and optimized multi-rail-
aware algorithms for MPI Allgather and Alltoall on modern
multi-HCA GPU clusters, aiming to improve network utiliza-
tion at the collective level. The evaluation is limited to micro-
benchmarks and message sizes below 1 MB, and the designs
do not take GPU topology into account.

B. Other Multi-HCA Collectives

Yu et al. proposed Nezha [20]. The Nezha system addresses
scalability limitations in distributed systems by providing full-
stack support for allreduce on multi-rail networks, integrating
protocols such as TCP and the in-network computing pro-
tocol SHARP. Nezha facilitates the scheduling of multi-rail
networks at the software stack level, incorporating a load-
balancing data allocation scheme based on cost feedback to
maximize data transfer rates. Experimental results demon-
strated 58% to 87% improvement in homogeneous dual-rail
configurations. Chen et al. [21] focused on optimizing spe-
cific collective operations within heterogeneous environments,
proposing unified designs for multi-rail-aware MPI Allreduce
and Alltoall operations across diverse modern HPC systems.
These designs utilize a multi-leader two-level approach, incor-
porating a persistent GPU buffer for device-side reduction and
leveraging inter-process communication techniques to form a
shared region on the GPU for Alltoall.

C. RDMA-Level Multi-Path Network Communication

Qian and Afsahi [22] designed efficient RDMA-based multi-
port collective communication schemes on multi-rail Quadrics
QsNetII, addressing the lack of native multi-rail collective sup-
port. Their early work introduced message striping at the Elan
library level for operations such as Scatter, Gather, and All-
toall, achieving up to 6.35× improvement for large messages.
They later extended this design to Allgather, evaluated various
algorithms and improved short-message performance on SMP



clusters by proposing SMP-aware Allgather variants that com-
bined shared memory for intra-node and multi-port RDMA for
inter-node communication. Unlike collective-level multi-HCA
approaches, other works [23–25] focus on exploiting multiple
network paths for a single RDMA connection in data center
networks. These user-level, software-based solutions—such as
Virtuoso [24] and UL-MPRDMA [25] address the limitations
of single-path RDMA by enabling multi-path load balancing
and reliability without requiring specialized hardware. Vir-
tuoso splits large RDMA messages across multiple virtual
interfaces, while UL-MPRDMA partitions flows over multiple
Queue Pairs mapped to different physical paths, with flow-
size–aware scheduling and active NIC resource management to
optimize performance. These approaches demonstrate effective
utilization of multi-path topologies and reduce flow completion
times compared to traditional single-path RDMA.

VII. CONCLUSION

The traditional ring algorithm, widely employed in collec-
tive communications such as Allgather, underutilizes the full
bandwidth potential of modern multi-HCA clusters. In this
work, we redesigned the ring algorithm and introduced Parallel
Rings, a topology-aware, hierarchical communication design
that simultaneously leverages all available HCAs, improves
scalability proportionally to the number of HCAs, and enables
effective overlap between intra- and inter-node communication
phases. We further demonstrated the importance of select-
ing an efficient intra-node communication and proposed a
congestion-aware method tailored for inter-socket topologies.
We evaluated our design on two distinct clusters, across
three benchmarking levels, and against three state-of-the-art
communication libraries. Our results show that Parallel Rings
reduce Allgather latency by up to 74%, 80%, and 31% relative
to Open MPI, MVAPICH-Plus, and NCCL, respectively.
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