
Skew-aware Adaptive All-to-allv Algorithms for Dynamic
Deep Learning Workloads

Cunyang Wei
University of Maryland, College Park

College Park, Maryland, USA
cunyang@umd.edu

Abhinav Bhatele
University of Maryland, College Park

College Park, Maryland, USA
bhatele@cs.umd.edu

Abstract
All-to-allv is a commonly used collective and can be a significant
performance bottleneck in high performance computing and dis-
tributed deep learning (DL) workloads. DL workloads, in particular,
have significantly skewed distributions of data sizes exchanged
between processes, dynamic changes in communication, and large
message sizes. These make optimizing the all-to-allv communica-
tion challenging. In this work, we present SABRE, a Skew-aware
All-to-allv library for Balancing irREgular communication on GPU-
based clusters. SABRE is designed to achieve good performance
under both highly-skewed and lightly-skewed communication pat-
terns. It selects different optimization strategies in these regimes
to reduce all-to-allv communication time on modern GPU clusters.
We implement and evaluate SABRE on the Perlmutter system at
NERSC, and demonstrate performance speedups in real workloads
through communication imbalance detection, adaptive algorithm
selection, careful backend selection, and memory management op-
timizations. Our library achieves up to 2.4× speedup over Cray
MPICH and NCCL in microbenchmark experiments, and improves
mixture of experts model training time by up to 1.8× compared
with the default PyTorch implementation.

CCS Concepts
• Computing methodologies→ Distributed artificial intelli-
gence; Parallel algorithms.
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1 Introduction
All-to-all communication between processes in a parallel program is
a fundamental collective operation where each process exchanges
a distinct data block of the same size with every other process.
The all-to-allv operation extends this pattern by allowing data
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blocks of different sizes between process pairs, which is essential
for workloads with irregular data distributions.

In high performance computing (HPC), many workloads rely
on 3D Fast Fourier Transforms (FFT) [18], where all-to-all(v) op-
erations are the main bottleneck during transpose phases. In deep
learning, mixture of experts (MoE) models such as GShard [29],
Switch Transformer [17], and Mixtral [26] are used to scale model
parameters by tens or even hundreds of times while incurring far
less than linear growth in computation. Distributed training of MoE
models often spends roughly half of its execution time in all-to-allv
communication [26, 33], and the communication volume changes
dynamically with changes in expert routing decisions at runtime.
Such MoE models are often trained on large-scale GPU-accelerated
systems and push the underlying communication stack to its limits.

DL workloads, in particular, have significantly skewed distribu-
tions of data sizes exchanged between processes, dynamic changes
in communication, and large message sizes. These make optimizing
the all-to-allv communication challenging. When there is signifi-
cant variation in the amount of data that different processes send
and receive in a single all-to-allv operation, we refer to that as
traffic imbalance or skew. When a few processes handle much more
data than the rest, we say the communication is highly skewed.
In this case, the completion time is dominated by the network
interface card (NIC) used by the most imbalanced process: other
NICs finish early and remain idle while the overloaded NIC drains
its queue slowly, creating a long-tail effect. When communication
traffic is lightly skewed, that is, when most processes send and
receive similar amounts of data, no single process or NIC is a clear
straggler. Instead, the bottleneck shifts to network-level conges-
tion: all processes communicate with many peers simultaneously,
and the resulting large number of concurrent flows contend for
shared inter-node links, causing queueing delays, reduced effective
bandwidth, and packet retransmissions [43].

In this paper, we propose a Skew-aware All-to-allv library for
Balancing irREgular communication, SABRE1, which optimizes
large-scale all-to-allv operations under dynamically changing com-
munication patterns on GPU-based systems. Our approach first
measures the degree of communication volume imbalance using
the maximum-to-mean (MTM) ratio. For highly-skewed all-to-allv,
we derive and prove a theoretically optimal communication bal-
ancing scheme, then use high-bandwidth intra-node gathering and
reordering to approximate this lower bound in practice while bal-
ancing traffic across processes within each node. For lightly-skewed
communication patterns, we present a pipelined two-dimensional
(2D) all-to-allv algorithm that overlaps intra-node and inter-node

1https://github.com/hpcgroup/sabre
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communication to fully utilize intra-node bandwidth while mini-
mizing idle inter-node links. In both regimes, we group inter-node
communication to reduce network congestion.

We evaluate our algorithms on the Perlmutter supercomputer
[32] at NERSC. Our results demonstrate significant improve-
ments over both NCCL [1] and Cray MPICH in microbench-
marks and MoE training using Megatron-LM [39]. We package
our implementation as a Python API that can directly replace
dist.all_to_all_single in DL training workloads.

The key contributions of this work are as follows:
• We derive a theoretically optimal traffic balancing scheme for
highly-skewed all-to-allv, and implement a practical approx-
imation through intra-node gathering, inter-node grouping,
and redistribution that balances communication traffic across
processes within each node and approaches the theoretical
lower bound.
• We propose a pipelined two-dimensional all-to-allv algo-
rithm for lightly-skewed communication patterns that over-
laps intra-node and inter-node communication to maximize
bandwidth utilization while controlling network congestion.
• We design a skew-aware algorithm selection mechanism in
SABRE that uses the MTM ratio to classify each all-to-allv
invocation at runtime and dispatch it to the highly-skewed
or lightly-skewed algorithm accordingly.
• We evaluate SABRE on the Perlmutter supercomputer,
achieving up to 2.4× speedup over Cray MPICH and NCCL
in microbenchmarks. We also demonstrate 1.28–1.79× end-
to-end speedup for MoE models using Megatron-LM.

2 Background and Related Work
We provide a brief overview of mixture of experts models and
all-to-allv communication patterns that arise in their distributed
training. We then review static all-to-allv algorithms and recent
scheduling-based optimization methods for modern GPU systems.

2.1 Mixture of Experts Models
Modern large language models are built on the Transformer archi-
tecture, which processes input tokens through a stack of layers,
each consisting of a self-attention block and a feed-forward net-
work (FFN). Scaling laws show that steadily increasing model size
is an effective way to improve model quality. However, training
dense models with trillions of parameters incurs computation and
memory costs that are prohibitive for most machines. Mixture of
Experts (MoE) architectures have emerged as a key technique to
break this barrier. By introducing sparse activation, MoE models
such as GShard, Switch Transformer, and Mixtral [17, 26, 29] can
grow the number of parameters by tens or even hundreds of times
while the increase in computation stays far below linear. The main
idea is that for each input token, the model only activates a small
subset of parameters (the “experts”) instead of the full network.

As shown in Figure 1, MoE layers are typically used as drop-in
replacements for the feed-forward networks (FFNs) in Transformer
architectures, expanding model capacity through sparse compu-
tation. A typical MoE layer consists of two key components: a
set of expert networks (each implemented as a small multilayer
perceptron) and a gating network (also called a router).
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Figure 1: Expert parallelism in distributed training of a mix-
ture of experts model with all-to-allv communication.

The gains from sparsity come with significant communication
cost. When MoE models use expert parallelism, where different ex-
perts are placed on different GPUs, each layer introduces intensive
all-to-allv communication. Figure 1 shows the all-to-allv pattern in
MoE training with expert parallelism. Each MoE layer performs two
all-to-allv collectives. The first dispatches tokens to remote GPUs
that host the selected experts, and the second gathers the expert
outputs back to the tokens’ original GPUs. Prior work reports that
all-to-allv can account for more than 50% of the total training time
in large-scale MoE models [26, 33].

Optimizing MoE training has also drawn significant attention in
recent years [19, 30]. Frameworks such as DeepSpeed-MoE [36, 40]
focus on architectural optimizations. Others, including Tutel and
Comet [25, 45], improve efficiency by overlapping computation
with all-to-all communication. This paper is orthogonal to these
approaches. We focus on optimizing all-to-allv, which is often the
most expensive communication in MoE training.

2.2 Static All-to-allv Algorithms
In an all-to-all among 𝑃 processes, process 𝑖 sends a distinct data
block to process 𝑗 for all 𝑗 ∈ {0, 1, . . . , 𝑃 − 1}, while also receiving
data from every other process. For most algorithms based on di-
rect exchange, this pattern involves up to 𝑃 (𝑃 − 1) point-to-point
transfers, which makes all-to-all one of the most communication-
intensive collectives. A large body of work focuses on optimizing
all-to-all and all-to-allv communication in MPI [4, 8–10, 13–16, 23].
Below, we briefly review several widely used static algorithms.

Linear Algorithms: The fan out algorithm is a simple all-to-all
implementation where all GPUs engage in simultaneous point-
to-point communication with all peers, creating a large number
of concurrent connections per process. This approach is used in
RCCL [3] and in the default dist.all_to_all_single in PyTorch.

The spread out algorithm is another classic all-to-all implemen-
tation. It organizes communication into 𝑃 − 1 rounds. In round 𝑟 ,
each rank exchanges data with a unique partner so that over all
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rounds every rank pair communicates exactly once. This simple
schedule keeps the number of active connections per process low
and can reduce congestion compared with a naive fan out. Many
MPI libraries, including MPICH [21] and OpenMPI [20], employ
variants of the spread out algorithm because of its simplicity and
its reasonable congestion behavior on homogeneous networks.

Another common approach is the pairwise exchange algorithm,
which issues a nonblocking receive from one peer and uses a block-
ing send to that peer in each round. It thenwaits for the two requests
to complete before moving on to the next partner. This strategy
reduces the number of outstanding communications even further,
but processes peers in a strictly sequential order.

Logarithmic Algorithms: The Bruck algorithm [5, 41, 42] op-
timizes all-to-all communication with logarithmic complexity. It
executes log(𝑃) exchange rounds, and in each round the commu-
nication distance doubles. In round 𝑘 , process 𝑖 exchanges data
with process (𝑖 ± 2𝑘 ) mod 𝑃 . After each exchange, it performs local
data reorganization to prepare messages for the next round. This
recursive structure reduces the number of communication rounds
from 𝑂 (𝑃) to 𝑂 (log 𝑃).

Several studies have optimized the Bruck algorithm and searched
for optimal radix parameters for recursive constructions [13–15,
37]. These studies show that small radices work well for small
messages, a radix close to

√
𝑃 improves performance for mid-sized

messages, and large radices benefit large messages in the kilobyte
range [16]. The strength of Bruck style algorithms lies in latency-
bound scenarios. Even though they increase the total data volume,
the reduction in the number of communication rounds can lead
to much lower latency and better performance. However, these
algorithmsmainly target small messages in latency-bound scenarios
and do not address bandwidth-bound workloads.

Hierarchical Algorithms: Hierarchical all-to-allv algorithms tar-
get the layered architectures of modern HPC systems by decoupling
the global exchange into intra-node and inter-node phases. Each
node first aggregates data through high-bandwidth shared memory,
then sends batched, coarse-grained messages across nodes. This
approach reduces the number of concurrent cross-node messages
and enables separate tuning for latency-sensitive intra-node and
bandwidth-limited inter-node communication [13].

2.3 Scheduling-based Optimization Methods
Several recent works explore scheduling-based optimization meth-
ods for all-to-allv communication, especially for GPU-based deep
learning workloads [7, 24, 28, 31, 38, 44]. These approaches model
the full topology of GPU interconnects and the heterogeneous
link bandwidths to generate near-optimal schedules. For example,
SCCL [6] uses Satisfiability Modulo Theory solvers to synthesize
collective algorithms. TACCL [38] formulates collective scheduling
as a mixed integer linear programming problem, while TECCL [31]
leverages traffic engineering techniques from multicommodity flow
optimization to route messages efficiently across the network fabric.
More recently, FAST [28] applies Birkhoff’s theorem to decompose
communication matrices into permutation matrices, and optimizes
collectives on switch-based networks. Beyond hundreds of GPUs,
however, these approaches require prohibitively long preprocessing.

Some even take hours, making them impractical for deep learning
training where communication patterns change dynamically.

3 Motivation and Scaling Analysis
In this section, we analyze the limitations of existing all-to-allv
algorithms on modern GPU systems.

3.1 Bottlenecks in Static Algorithms
As discussed in Section 2.2, static algorithms such as fan out and
spread out rely on fixed communication schedules for the all-to-allv
operation. However, on GPU-based supercomputers these methods
face two fundamental limitations. First, they assume a uniform net-
work where bandwidth is the same between every pair of GPUs. In
practice, GPU-based supercomputers have much higher intra-node
bandwidth than inter-node bandwidth. A fixed schedule cannot
exploit this gap, and thus fails to fully use the high-bandwidth intra-
node interconnects. Second, their performance is limited by the
rank that sends or receives the most data. In an all-to-allv operation
with nonuniform message sizes, the busiest rank becomes a bottle-
neck. Other links stay idle while they wait for its transfers to finish,
which wastes bandwidth and creates a long tail in completion time.

Radix-based Bruck variants try to tune schedules across differ-
ent message sizes, but existing studies focus on messages up to the
kilobyte scale. Deep learning training, however, uses message sizes
from megabytes to gigabytes. In this regime, the extra traffic intro-
duced by Bruck becomes counterproductive because the bottleneck
shifts from latency to bandwidth, so Bruck algorithms fail to reach
optimal performance for large messages.
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Figure 2: Performance of different all-to-all algorithms.

To understand how these algorithms behave on modern GPU
systems in the large message regime, we benchmark their perfor-
mance on Perlmutter. As shown in Figure 2, we compare several
all-to-all algorithms, scaling from 16 to 256 GPUs with a 128 MB
message. We use balanced all-to-all here to show that even in the
best case where no skew exists, existing methods already hit fun-
damental performance limits on modern GPU systems. In practice,
the highly-skewed patterns common in MoE training make these
baselines perform even worse. For pairwise exchange and linear
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(fan out) algorithms, we use the implementations provided by Open-
MPI [20]. For the Bruck algorithm, we use the latest radix bruck
implementation [13] and evaluate radix = 𝑃 , which prior work
reports as the best configurations for large messages [13]. When
the radix equals 𝑃 , radix Bruck degenerates to the linear case. Even
with these choices, radix Bruck performs poorly in this bandwidth-
bound regime. We also include implementations of Cray MPICH
and NCCL. Overall, these results demonstrate that traditional static
algorithms are no longer well suited to modern GPU systems in the
large message regime. The NCCL-based fan-out implementation
in PyTorch achieves the highest throughput. Research [22] indi-
cates that NCCL automatically optimizes communication within
an NCCL group. For instance, it reduces overhead by aggregating
launches and achieves data transfer parallelism through multichan-
nel allocation. In addition, NCCL is system- and topology-aware,
which allows it to better exploit intra-node bandwidth. We believe
these optimizations together help explain the strong performance
of NCCL-based fan-out at scale.

3.2 Bottlenecks in Scheduling Algorithms
The scheduling based methods reviewed in Section 2 model the
full GPU cluster topology and can produce schedules with near-
optimal makespan for a fixed communication matrix. However, the
cost of computing the schedule becomes prohibitive. For example,
TACCL’s scheduler can take over an hour for a 64 GPU cluster.
FAST reduces complexity relative to mixed integer programming
approaches, but its reported 𝑂 (𝑛5) runtime is still impractical for
large deployments. A single all-to-all transfer typically finishes
in milliseconds, so schedule computation that takes seconds only
makes sense if it can be amortized across many identical transfers.
In real deep learning training, routing decisions change across
iterations and the communication matrix shifts accordingly, leaving
little opportunity to reuse a precomputed schedule.

These findings motivate an all-to-allv optimization algorithm
that addresses multi-level network topologies and GPU-centered
architectures, adapts to dynamic large message communication
patterns, and keeps runtime overhead low enough for practical
deep learning workloads.

4 Overview of the SABRE Library
We first provide an overview of our SABRE library and design
considerations for the skew-aware all-to-allv algorithms. We target
production GPU-based supercomputers, where compute nodes have
𝐺 GPUs and𝑚 NICs with 𝐺 =𝑚. We bind each process to a fixed
NIC on every node, establishing a “1:1” mapping between NICs
and processes. However, the framework generalizes naturally to
systems where 𝐺 > 𝑚 by defining communication groups as G𝑖 =
{𝑝 | 𝑝 mod𝑚 = 𝑖} where 𝑝 is the global rank, so that each group
contains 𝐺/𝑚 GPUs sharing a single NIC. The theoretical lower
bound derived in Section 5.2 still holds, and the load-balancing
granularity shifts from per-GPU to per-NIC accordingly.

Design goals: Our goal is to build an adaptive library that chooses
different optimization strategies based on how skewed the com-
munication is. We aim to minimize inter-node congestion while
keeping inter-node bandwidth as close to fully utilized as possible.
This design is guided by the observation that all-to-allv bottlenecks

usually stem from limited inter-node bandwidth. For example, each
node has only four or eight GPUs but needs to exchange data with
all other nodes, so the total inter-node communication volume
far exceeds intra-node communication. As a result, when commu-
nication is highly-skewed, the completion time of an all-to-allv
operation is dominated by the process that sends or receives the
largest amount of data. When communication is relatively balanced,
inter-node congestion becomes the main performance limitation.

Skewness metric: To quantify communication imbalance, we need
a metric that captures how imbalanced the busiest process is com-
pared to the average case. Traditional dispersion measures such as
the coefficient of variation are not a good fit here. This is because
we care less about overall randomness and more about the process
that handles the largest cross-node communication. The largest
communication volume across all processes is therefore a better
predictor of all-to-allv completion time. To make the metric com-
parable across different message sizes, we normalize by the mean
communication volume per process, so that the same threshold can
drive algorithm selection on different problem sizes.

We formalize this maximum-to-mean (MTM) ratio as follows.
For each rank 𝑖 , let 𝑠𝑖 denote the total inter-node data volume it
sends and 𝑟𝑖 denote the total inter-node data volume it receives.
We define two MTM ratios,

Send-MTM =
max𝑖 𝑠𝑖
1
𝑃

∑𝑃
𝑗=1 𝑠 𝑗

=
𝑃 ·max𝑖 𝑠𝑖∑𝑃

𝑗=1 𝑠 𝑗

Recv-MTM =
max𝑖 𝑟𝑖
1
𝑃

∑𝑃
𝑗=1 𝑟 𝑗

=
𝑃 ·max𝑖 𝑟𝑖∑𝑃

𝑗=1 𝑟 𝑗

where 𝑃 is the total number of processes. The overall MTM is,

MTM = max(Send-MTM, Recv-MTM) .
Higher MTM ratio indicates more severe skew. At runtime, we

compute MTM ratio using the communication matrix and use it
as a single scalar feature to decide whether to treat the current
all-to-allv as highly-skewed or lightly-skewed.

4.1 Library Design
As illustrated in Figure 3, we design a skew-aware adaptive all-to-
allv library (SABRE) for balancing irregular communication. We
first compute the degree of imbalance using the communication
matrix, and then we use the algorithm selector to choose the best
all-to-allv algorithm based on this metric.
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Figure 3: Components of the SABRE library
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WhenMTM ratio is high, which means communication is highly-
skewed, we first derive a theoretically optimal scheme that evenly
balances each node’s total send and receive communication across
its NICs. We then use high bandwidth intra-node gathering and
reordering to approximate this lower bound while avoiding unnec-
essary fragmentation. We aggressively partition very large data
blocks and distribute them across multiple NICs, which prevents
oversubscription of individual inter-node links without exploding
the number of messages. For inter-node communication, we batch
and coalesce chunks so that each pair of nodes exchanges a small
number of large, well-balanced transfers.

When MTM ratio is low and traffic is lightly-skewed, we switch
to a pipelined 2D all-to-allv algorithm that overlaps intra-node
and inter-node phases. In this regime, the main goal is to control
inter-node congestion rather than to fix imbalance.We use the abun-
dant intra-node bandwidth to relay data within each node while
simultaneously grouping inter-node communication into batched
exchanges, which reduces the number of inter-node messages and
alleviates pressure on the network fabric. In the next two sections,
we describe the detailed algorithms and implementation for both
highly-skewed and lightly-skewed regimes.

5 Algorithm for Highly-skewed All-to-allv
We present a derivation of the theoretically optimal form for highly-
skewed all-to-allv communication and then an implementation that
closely approximates this lower bound in practice.

5.1 Problem Definition
We focus on GPU-based clusters that provide much higher intra-
node bandwidth than inter-node bandwidth. Under this condition,
we represent the system as a 2D grid of processes with dimensions
𝑁 × 𝐺 , where 𝑁 is the number of nodes and 𝐺 is the number of
GPUs per node. The total number of processes is 𝑃 = 𝑁 ×𝐺 .

Each node has𝑚 NICs, and each NIC has inter-node bandwidth
𝐶 . We focus on inter-node transfers, since intra-node bandwidth is
much larger than 𝐶 and does not limit performance. We use 𝑣𝑢→𝑤

to denote the total data volume that node 𝑢 sends to node𝑤 . The
goal is to minimize completion time 𝑇 of the all-to-allv.

Note that the inter-node bandwidth between any pair of nodes
is the same. Under this assumption, forwarding messages through
intermediate nodes cannot reduce the all-to-allv completion time,
as each byte still uses the same bottleneck bandwidth. In the rest of
this section, we therefore focus on schedules that use only direct
inter-node transfers, without loss of optimality.

5.2 Theoretical Optimality Analysis
In a highly-skewed all-to-allv, a few NICs carry most of the inter-
node traffic while the rest remain idle. The most loaded NIC there-
fore dictates the completion time. If, instead, each node spreads
its total inter-node send and receive data evenly across all𝑚 NICs,
every NIC finishes at roughly the same time and no capacity goes
to waste. We prove that this equal-spreading strategy is not merely
a heuristic but achieves the tightest possible completion time under
the inter-node bandwidth constraints, making it globally optimal.

Let node 𝑢 have total send volume 𝑆𝑢 =
∑

𝑤 𝑣𝑢→𝑤 , and let node
𝑤 have total receive volume 𝑅𝑤 =

∑
𝑢 𝑣𝑢→𝑤 . We use 𝑥 (𝑎,𝑏 )𝑢→𝑤 ≥ 0 to

denote the data sent from node 𝑢’s 𝑎th NIC to node 𝑤 ’s 𝑏th NIC.
The total data across all NIC pairs between two nodes equals the
total volume 𝑣𝑢→𝑤 :

𝑚∑︁
𝑎=1

𝑚∑︁
𝑏=1

𝑥
(𝑎,𝑏 )
𝑢→𝑤 = 𝑣𝑢→𝑤 .

Each NIC can transmit at most 𝐶 ·𝑇 bytes in time 𝑇 , which gives
the per-port capacity constraints:∑︁
𝑤

∑︁
𝑏

𝑥
(𝑎,𝑏 )
𝑢→𝑤 ≤ 𝐶𝑇 ;

∑︁
𝑢

∑︁
𝑎

𝑥
(𝑎,𝑏 )
𝑢→𝑤 ≤ 𝐶𝑇 ; ∀𝑢,𝑤, 𝑎, 𝑏 ∈ [1,𝑚] .

The first constraint limits the total data any single NIC can send
to all destinations; the second limits how much any single NIC
can receive. Our objective is to minimize 𝑇 . Summing the send
constraint over all𝑚 ports of node 𝑢 gives

𝑚∑︁
𝑎=1

∑︁
𝑤

∑︁
𝑏

𝑥
(𝑎,𝑏 )
𝑢→𝑤 ≤ 𝑚𝐶𝑇 ⇒ 𝑆𝑢 ≤ 𝑚𝐶𝑇 ⇒ 𝑇 ≥ 𝑆𝑢

𝑚𝐶
, ∀𝑢.

This means the completion time is at least the time needed for
the heaviest-sending node to push all its data through its𝑚 NICs.
Similarly, for all receivers𝑤 :

𝑇 ≥ 𝑅𝑤

𝑚𝐶
, ∀𝑤.

Combining both directions, we obtain the lower bound 𝑇LB:

𝑇 ≥ 𝑇LB := max
(
max
𝑢

𝑆𝑢

𝑚𝐶
, max

𝑤

𝑅𝑤

𝑚𝐶

)
.

In words, the all-to-allv completion time is bounded below by the
node with the largest total send or receive volume, since that node
must drain all its data through its𝑚 NICs.

We now give a constructive proof that if each node evenly dis-
tributes its total send and receive data across its𝑚 inter-node ports,
then there exists a feasible schedule that achieves 𝑇 = 𝑇LB, and
is therefore globally optimal. The key idea is to split the data vol-
ume 𝑣𝑢→𝑤 uniformly across all NIC pairs between nodes 𝑢 and𝑤 .
For each pair (𝑢,𝑤), we define an𝑚 ×𝑚 doubly stochastic matrix
𝑄 (𝑢,𝑤 ) = [𝑞 (𝑢,𝑤 )

𝑎,𝑏
] that describes how to distribute 𝑣𝑢→𝑤 across

NIC pairs:
𝑚∑︁
𝑏=1

𝑞
(𝑢,𝑤 )
𝑎,𝑏

=
1
𝑚
,

𝑚∑︁
𝑎=1

𝑞
(𝑢,𝑤 )
𝑎,𝑏

=
1
𝑚
, 𝑞

(𝑢,𝑤 )
𝑎,𝑏

≥ 0.

These constraints ensure that each sending NIC handles exactly
1/𝑚 of the total volume, and each receiving NIC also handles exactly
1/𝑚. We then set

𝑥
(𝑎,𝑏 )
𝑢→𝑤 = 𝑣𝑢→𝑤 𝑞

(𝑢,𝑤 )
𝑎,𝑏

.

Under this assignment, each sending NIC (𝑢, 𝑎) carries exactly 1/𝑚
of node 𝑢’s total send volume:∑︁

𝑤

∑︁
𝑏

𝑥
(𝑎,𝑏 )
𝑢→𝑤 =

∑︁
𝑤

𝑣𝑢→𝑤

(∑︁
𝑏

𝑞
(𝑢,𝑤 )
𝑎,𝑏

)
=

∑︁
𝑤

𝑣𝑢→𝑤 ·
1
𝑚

=
𝑆𝑢

𝑚
.

Similarly, each receiving NIC (𝑤,𝑏) carries exactly 1/𝑚 of node
𝑤 ’s total receive volume:∑︁

𝑢

∑︁
𝑎

𝑥
(𝑎,𝑏 )
𝑢→𝑤 =

∑︁
𝑢

𝑣𝑢→𝑤

(∑︁
𝑎

𝑞
(𝑢,𝑤 )
𝑎,𝑏

)
=

∑︁
𝑢

𝑣𝑢→𝑤 ·
1
𝑚

=
𝑅𝑤

𝑚
.
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Since no NIC sends or receives more than max(𝑆𝑢 , 𝑅𝑤)/𝑚 data, all
port constraints are satisfied when

𝑇 ≥ max
(
max
𝑢

𝑆𝑢/𝑚
𝐶

, max
𝑤

𝑅𝑤/𝑚
𝐶

)
= 𝑇LB,

so the schedule is feasible at 𝑇 = 𝑇LB. Combined with the lower
bound above, we obtain

𝑇★ = 𝑇LB .

Therefore, under the inter-node bandwidth bottleneck, and di-
rect inter-node transfers only, we can achieve global optimality by
evenly distributing each node’s inter-node communication across
its𝑚 NICs. In other words, to minimize the completion time of an
all-to-allv operation in highly-skewed scenarios, each node should
balance its total send and receive loads evenly across all available
NICs. This strategy mitigates the impact of communication imbal-
ance and improves overall communication performance.

5.3 Three-phase All-to-allv Algorithm
We now present a practical implementation on Perlmutter that
approximates this theoretically optimal strategy on real systems.
Figure 4 gives an overview of our highly-skewed 2D all-to-allv
design. It highlights three phases: intra-node gathering and load
balancing, inter-node communication, and intra-node distribution
with final assembly. These phases work together to produce an im-
plementation that closely matches the theoretical optimum derived
above. For clarity, the figure only shows data transfers between
two nodes; larger deployments follow the same pattern.

Dest node
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Figure 4: Highly-skewed 2D all-to-allv algorithm.

5.3.1 Communication Group Partitioning. Each process has a
global rank 𝑝 = 𝑛 × 𝐺 + 𝑔, where 𝑛 ∈ [0, 𝑁 − 1] is the node
index and 𝑔 ∈ [0,𝐺 − 1] is the local GPU index. We define the 𝑖-th
communication group as:

G𝑖 = {𝑝 | 𝑝 mod𝑚 = 𝑖}, 𝑖 = 0, 1, . . . ,𝑚 − 1,
which means we partition all processes into𝑚 inter-node commu-
nication groups based on rank mod𝑚. Each group is responsible
for carrying roughly 1/𝑚 of the node’s inter-node data. This parti-
tioning strategy provides two key benefits:

Receive side balancing. Our optimality analysis shows that
all-to-allv performance is highest when each node spreads its inter-
node communication evenly across its𝑚 NICs. In our design, as

Algorithm 1 Intra-node Greedy Traffic Balancing and Splitting
Require: Communication matrix𝑀 , source node 𝑁𝑆 , intra-node

GPUs 𝐺 = {𝑔0, . . . , 𝑔𝐺−1}
Ensure: Assignment map 𝐴: 𝑔𝑝𝑟𝑜𝑥𝑦 → list of data blocks
1: Bdest ← _collect_node_data_blocks(𝑀, 𝑁𝑆 ,𝐺) ⊲ Group

blocks by destination node
2: 𝐴← empty map, 𝐴[𝑔𝑖 ] ← ∅ for 𝑖 ∈ [0,𝐺 − 1]
3: for each destination node 𝑁𝐷 in Bdest do
4: 𝑃𝐷 ← SortBySize(Bdest [𝑁𝐷 ]) ⊲ Sort blocks by size
5: 𝐿avg, 𝐿max ← InitSubproblem(𝑃𝐷 ,𝐺)
6: Lproxy ← array of size 𝐺 initialized to 0
7: while 𝑃𝐷 is not empty do
8: 𝑏 ← 𝑃𝐷 .pop_front()
9: 𝑔𝑝𝑟𝑒 𝑓 ← 𝐺 [𝑏.𝑑𝑒𝑠𝑡_𝑔𝑝𝑢_𝑖𝑑]
10: 𝑔𝑚𝑖𝑛 ← argmin𝑔∈𝐺 (Lproxy [𝑔])
11: (𝑔𝑡𝑎𝑟𝑔𝑒𝑡 , 𝑛𝑒𝑒𝑑_𝑠𝑝𝑙𝑖𝑡) ← SelectTarget(𝑏,𝑔𝑝𝑟𝑒 𝑓 , 𝑔𝑚𝑖𝑛)
12: if 𝑛𝑒𝑒𝑑_𝑠𝑝𝑙𝑖𝑡 then
13: 𝐿𝑎𝑣𝑎𝑖𝑙 ← 𝐿max − Lproxy [𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ]
14: 𝑏1, 𝑏2 ← split_block(𝑏, 𝐿𝑎𝑣𝑎𝑖𝑙 )
15: 𝐴[𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] .append(𝑏1)
16: Lproxy [𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] ← Lproxy [𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] + 𝑏1 .𝑠𝑖𝑧𝑒
17: 𝑃𝐷 .insert_front(𝑏2) ⊲ Return remainder to queue
18: else
19: 𝐴[𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] .append(𝑏)
20: Lproxy [𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] ← Lproxy [𝑔𝑡𝑎𝑟𝑔𝑒𝑡 ] + 𝑏.𝑠𝑖𝑧𝑒
21: end if
22: end while
23: end for
24: return 𝐴

shown in Algorithm 1 (line 3), load balancing is applied separately
to each destination node. For a fixed source node 𝑢 and destination
node 𝑤 , if the volume 𝑣𝑢→𝑤 is evenly split across the𝑚 commu-
nication groups on node 𝑢, then node 𝑤 receives the same total
volume of data in each group as well. As a result, our algorithm
only needs to optimize the send side to be balanced, and the receive
side balancing is automatically achieved by this group partitioning.

Reduced NIC concurrency. Group based inter-node commu-
nication also reduces the number of concurrent messages on each
NIC. Without partitioning, a single NIC may need to handle mes-
sages from all 𝑁 ×𝐺 processes at once. With partitioning, each NIC
only serves processes in its own group, roughly 𝑁×𝐺

𝑚 processes.
This strategy reduces contention and short-term queueing at the
NIC level. In effect, it turns many small communications into fewer
but larger ones, which improves bandwidth utilization.

5.3.2 Intra-node Gathering and Traffic Balancing. In the data prepa-
ration phase, the algorithm iterates over all local GPUs to collect
data blocks destined for other nodes (line 1). These blocks are
grouped by their destination node, which splits the work into multi-
ple independent subproblems, one for each destination node (line 3).
For the subproblem corresponding to a specific destination node
𝑁𝐷 , the algorithm sorts the data blocks by size in decreasing order
(line 4) and computes the total data volume 𝐿𝑡𝑜𝑡𝑎𝑙 and the ideal
average proxy load 𝐿𝑎𝑣𝑔 = 𝐿𝑡𝑜𝑡𝑎𝑙/𝐺 (line 5), where 𝐺 is the num-
ber of processes on the node. On Perlmutter, we have 𝐺 = 𝑚, so
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balancing per-GPU load is equivalent to balancing NIC load within
a node. This matches the assumptions in our optimality analysis.

The next step is to distribute these data blocks among the local
GPUs. A naive attempt to achieve perfect load balance can create
many tiny blocks, which adds overhead without much benefit. To
avoid this, we introduce a load tolerance threshold 𝐿𝑚𝑎𝑥 = 𝛼 ·
𝐿𝑎𝑣𝑔 , which allows a small amount of load imbalance and prevents
harmful over-splitting. In our sensitivity tests, values of 𝛼 from 1.02
to 1.08 yield similar performance across all evaluated scales and
message sizes. We empirically set 𝛼 = 1.05 as a robust default.

When processing a data block destined for GPU 𝑔𝑑𝑒𝑠𝑡 on node
𝑁𝐷 (line 8), the algorithm first tries to assign it to the GPU
𝑔𝑝𝑟𝑜𝑥𝑦 on the source node that has the same local ID (that is,
𝑔𝑝𝑟𝑜𝑥𝑦 .𝑖𝑑 = 𝑔𝑑𝑒𝑠𝑡 .𝑖𝑑 , line 9). The key advantage of this design
is that it simplifies data handling on the destination node. When
the data block arrives at 𝑁𝐷 , it already resides on the correct tar-
get GPU, so the final distribution phase does not need additional
intra-node forwarding. This significantly reduces communication
pressure on the destination node. If the preferred GPU is full (that
is, receiving the block would exceed 𝐿𝑚𝑎𝑥 ), the algorithm triggers
a fallback mechanism and assigns the block to the least loaded
GPU 𝑔𝑚𝑖𝑛_𝑙𝑜𝑎𝑑 on the source node (lines 10–11). If the block is still
too large for 𝑔𝑚𝑖𝑛_𝑙𝑜𝑎𝑑 , the algorithm performs dynamic splitting
(lines 13–14). Then the chosen GPU accepts the largest possible
chunk 𝑏1 that fills its capacity up to 𝐿𝑚𝑎𝑥 (lines 15–16), and the
remaining portion 𝑏2 is pushed back to the front of the pending
queue (line 17). This ensures that the remainder is handled quickly
by the next available GPU. The greedy process repeats (line 7) until
all data blocks are assigned.

After the assignment step, the source node performs an intra-
node shuffle in which the original source GPUs send their data
blocks to the assigned proxies. This turns the dense GPU-to-GPU
pattern into a small number of streams on each node.

5.3.3 Inter-node Communication. In the inter-node transfer phase,
each communication group sends data in large batched transfers
between nodes. Because intra-node gathering has already merged
per GPU streams, the remaining communication behaves as an
𝑁 × 𝑁 node-level exchange rather than a dense 𝑃 × 𝑃 GPU-level
exchange, where 𝑃 is the world size and 𝑁 is the number of nodes.
These larger node-to-node batches reduce NIC concurrency and
short-term queueing. Moreover, for point-to-point communication,
the receiver must know the incomingmessage size before it can post
the receive. To avoid an extra metadata exchange, we run the same
splitting algorithm on the sending and receiving sides. Given the
shared communication matrix, both sides independently compute
the same message layout and sizes, so receivers can prepare buffers
and issue P2P receives without any metadata exchange.

5.3.4 Intra-node Distribution and Final Assembly. After the inter-
node transfer finishes, each GPU holds a set of data fragments
received from different remote nodes, and these fragments are des-
tined for different final GPUs on the same node. The receiving side
then performs two steps: intra-node distribution and final assembly.
First, it runs an intra-node all-to-allv according to a precomputed
distribution plan, which forwards each fragment to its final target
GPU. Second, each target GPU builds its slice of the output tensor
by writing two types of data: 1) resident fragments that already sit

on the correct GPU, a direct result of our ID matching heuristic, and
2) forwarded fragments that arrive from other local GPUs through
the intra-node all-to-allv.

6 Algorithm for Lightly-skewed All-to-allv
In many deep learning workloads, not every all-to-allv operation
suffers from severe communication imbalance. For example, auxil-
iary loss terms in MoE training encourage a more uniform token
distribution across experts as training progresses. As training goes
on, the all-to-allv communication therefore becomes much more
balanced. When the MTM ratio is relatively low, continuing to run
the highly-skewed traffic balancing algorithm only adds overhead.
The traffic balancing optimization in Section 5.3 relies on extra
forwarding and reassembly steps, which are justified only when
a few GPUs are much more imbalanced than the rest. Thus, for
lightly-skewed cases, we design a 2D algorithm that focuses on
congestion control rather than explicit communication balancing.

6.1 Problem Definition
In the lightly-skewed regime, there are no clear stragglers or long-
tail effects. The total data sent and received by each process is
already close to balanced. The bottleneck shifts from traffic imbal-
ance to congestion, where all processes communicate with many
peers at the same time and create strong contention in the inter-
node network.

Note that inter-node communication dominates intra-node com-
munication in all-to-allv. Consider a system with 𝑁 nodes and𝐺
GPUs per node, for a total of 𝑃 = 𝑁 ×𝐺 processes. Each process
must communicate with the other 𝑃 − 1 processes. Under a uniform
communication matrix, each process forwards and receives roughly
(𝑁−1)×𝐺
𝑁×𝐺 of its data through inter-node links, while only a fraction

of 𝐺−1
𝑁×𝐺 uses intra-node links. For example, with 𝑁 = 16 nodes

and 𝐺 = 4 GPUs per node, each process sends about 93.75% of its
data over inter-node links, 4.68% over intra-node links, and the
remaining 1.56% stays local. A naive fan out implementation of
all-to-allv therefore leaves most of the high-bandwidth intra-node
interconnects underutilized.

Therefore, in the lightly-skewed all-to-allv regime, our optimiza-
tion strategy is to use the abundant intra-node bandwidth to relay
and gather data, thereby reducing contention and congestion on
the inter-node network.

6.2 Two-phase All-to-allv Algorithm
As discussed in Section 5, grouping communication is an effective
way to reduce the number of concurrent transfers and ease conges-
tion. We adopt a similar idea here but adapt it to the lightly-skewed
case. A simple design would perform all intra-node forwarding first
and then start inter-node transfers, which we refer to as the SABRE
w/o overlap algorithm. However, this would serialize the two phases
and create pipeline stalls.

We observe that each process’s send buffer contains three kinds
of data:

(1) data for intra-node all-to-allv (destined for GPUs within the
same node);

(2) data that can be exchanged directly within the current inter-
node communication groups via all-to-allv;
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(3) data that should be forwarded to a proxy GPU on the same
node for transmission to other inter-node groups.

To exploit this structure and avoid stalls, we divide all-to-allv
communication into two overlapping phases, as illustrated in Fig-
ure 5. For clarity, Figure 5 shows part of the all-to-allv communica-
tion; the pattern for the other processes is similar.

GPU0
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GPU2

GPU3

Phase 1

GPU0

GPU1

GPU2

GPU3

Phase 2

Inter-node
Stream

Intra-node
Stream

Destination rank on
same node

Destination rank on
remote node
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Figure 5: Lightly-skewed 2D all-to-allv algorithm. For clarity,
only part of the communication is shown; the pattern for the
other processes is similar.

Phase 1: direct exchange with forwarding reception. Each
GPU performs all-to-allv operations with its assigned inter-node
communication groups, sending and receiving data destined for
that group. At the same time, each GPU acts as a proxy and receives
data from other GPUs on the same node that are destined for that
inter group. This phase uses both inter-node links (for the direct
exchange) and intra-node links (for receiving forwarded data).

Phase 2: proxy forwarding with intra-node processing.
Each GPU forwards the data it received from other local GPUs
in Phase 1 to the appropriate destinations within its inter-node
communication groups. At the same time, GPUs can process data
that needs to be distributed within the node via intra-node all-to-
allv. This phase again uses both inter-node links (for forwarding)
and intra-node links (for local distribution).

6.3 Parallelism and Performance Benefits
A key advantage of this two-phase design is that the operations
in each phase can run in parallel because they use different re-
sources. Intra-node and inter-node links operate independently.
The algorithm keeps both kinds of links busy and uses the abun-
dant intra-node bandwidth to relieve pressure on the inter-node
network. In Phase 1, the amount of data forwarded within a node
is larger than the data sent across nodes. However, intra-node links
provide much higher bandwidth than inter-node links, so local
forwarding and the cross-node exchange finish in roughly the same
time. In other words, we almost get message gathering for free.

Compared with a naive point-to-point based implementation,
our lightly-skewed 2D all-to-allv provides three main benefits:
• Reduced congestion: grouped communication reduces the
number of concurrent inter-node connections from 𝑂 (𝑃2)
to 𝑂 (𝑁 2) and eases network congestion.
• Improved link utilization: high-bandwidth intra-node
links are used for both forwarding and local distribution,
instead of sitting idle.
• Pipeline efficiency: overlapping direct exchange with for-
warding avoids pipeline stalls and keeps throughput high.

7 Implementation Details
In the previous sections, we introduced our all-to-allv methods
for both highly-skewed and lightly-skewed communication pat-
terns. This section explains how we implement these methods on
the Perlmutter supercomputer, including algorithm selection and
communication backend selection. We implement the algorithms
in C++ and provide pybind11 bindings so they can act as a direct
replacement for dist.all_to_all_single, which is widely used
in deep learning training workloads.

7.1 Imbalance Detection & Algorithm Selection
To choose the appropriate all-to-allv algorithm for a given pattern,
we first need tomeasure how imbalanced the communicationmatrix
is. In deep learning frameworks such as Megatron-LM, each process
already computes the full all-to-allv metadata (per-destination send
counts) as part of the MoE routing and token dispatch logic. SABRE
directly reuses this existingmetadata, and therefore does not require
any additional global exchange. For applications that do not provide
global metadata, SABRE only requires an intra-node allgather of the
per-rank send and receive size vectors, which are typically a few KB
and negligible compared with the 64MB–512MB data transfers in
our target workloads. The MTM ratio computation and algorithm
planning are performed locally, and their overhead is included in
all end-to-end measurements reported in Section 8.4.

We use the maximum-to-mean ratio (MTM) defined in Section 4
as our imbalance metric. 𝑀𝑇𝑀 = 1 corresponds to a perfectly
balanced communication matrix in which every GPU sends and
receives the same amount of data, while a larger MTM ratio indi-
cates that some GPUs handle more data. For example, 𝑀𝑇𝑀 = 8
means that one GPU handles 8× the average load in an all-to-allv
operation, which represents a severely imbalanced pattern.

Figure 6 shows how all-to-allv completion time changes with
MTM ratio for both the highly-skewed and the lightly-skewed
algorithm. In this figure, we report results for average message
sizes of 64 MB and 128 MB. For both message sizes, the crossover
point where the highly-skewed algorithm becomes faster than the
lightly-skewed algorithm stays near𝑀𝑇𝑀 ≈ 2.2. As discussed in
Section 4, we normalize MTM ratio by the mean data volume so
that the metric remains comparable across different message sizes.
This normalization allows us to use a single MTM ratio thresh-
old to choose between the two algorithms at a fixed GPU count
even when the average message size changes. When MTM ratio
is below roughly 2.2, the lightly-skewed algorithm achieves up
to 15% lower latency than the highly-skewed algorithm. In this
lightly-skewed regime, trying to fully balance the load would add
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Figure 6: All-to-allv completion time versus maximum-to-
mean ratio (MTM) on 16 GPUs for the highly-skewed and
lightly-skewed algorithms.

forwarding overhead without enough benefit. However, once MTM
ratio exceeds about 2.2, the lightly-skewed algorithm can no longer
fully utilize the available inter-node bandwidth. Congestion control
alone is not enough to offset the impact of the hottest GPUs. In this
regime, the highly-skewed algorithm that redistributes data across
processes becomes necessary and provides up to 2.3× speedup over
the lightly-skewed algorithm when MTM ratio closes to 8. We also
run similar tests for other GPU counts and choose the algorithm
based on these results.

7.2 Communication Backend Selection
Modern GPU clusters typically have heterogeneous network con-
nections. To achieve good performance on such systems, we need to
pick communication backends for both intra-node and inter-node
transfers. In this paper, both the highly-skewed and lightly-skewed
algorithms rely on intra-node communication to forward messages
between GPUs. This forwarding step is essentially an intra-node
all-to-all operation. To choose the intra-node backend, we bench-
mark the intra-node all-to-all using NCCL and MPI for message
sizes of 64, 128, 256, and 512 MB.

As shown in Table 1, the NCCL-based all-to-all implementation
clearly outperforms MPI and delivers up to 2× higher bandwidth
for large message sizes. Additionally, prior work has shown that
NCCL is heavily optimized for intra-node GPU communication [12].
These results lead us to use NCCL for all intra-node data exchanges.

Table 1: Intra-node all-to-all performance comparison be-
tween NCCL and MPI

Message size (MB) MPI time (ms) NCCL time (ms)
64 0.726 0.329
128 1.326 0.588
256 2.513 1.079
512 4.887 2.077

We observe a similar trend for inter-node communication. When
we fix NCCL as the intra-node backend and vary only the inter-
node backend, NCCL again matches or exceeds the performance of

MPI (Cray MPICH) across all scales. Guided by this finding, SABRE
relies on NCCL for both intra-node and inter-node GPU communi-
cation. Note that our NCCL baseline (dist.all_to_all_single in
PyTorch) implements all-to-allv as 𝑃 pairs of ncclSend/ncclRecv
calls inside a single ncclGroupStart/ncclGroupEnd block, which
is the standard approach in major DL training frameworks.

8 Performance Results
We now present a comprehensive evaluation of our all-to-allv li-
brary on a production GPU-based supercomputer. We use realistic
communication patterns derived from MoE training jobs.

8.1 Experimental Setup
All experiments are run on the Perlmutter [32] supercomputer at
NERSC. Each GPU node has one 64-core AMD EPYC 7763 Milan
CPU with 256 GB of DDR4 memory and four NVIDIA A100 GPUs.
Within each node, the four GPUs are fully connected by third-
generation NVLink [34], providing 100 GB/s of bandwidth per
GPU pair. Across nodes, Perlmutter uses the HPE Slingshot 11 [11]
interconnect in a three-hop dragonfly topology [27]. Each node has
four HPE Cray Cassini [2] NICs, each providing 25 GB/s, for an
aggregate inter-node injection bandwidth of 100 GB/s per node.

We compare SABRE with two widely used communication li-
braries: Cray MPICH and NCCL. We use CUDA 12.9 for GPU
programming, NCCL 2.27.3 for GPU-based collectives, and Cray
MPICH 8.1.30 with libfabric 1.22.0 for MPI-based communication.
For each combination of library, message size, and GPU count, we
run 10 independent trials and report the average completion time.

To keep the evaluation realistic, we extract all-to-allv commu-
nication matrices from MoE training jobs. MoE models produce
dynamic and highly imbalanced communication patterns, which
make them a good stress test for all-to-allv implementations.

Highly-skewed communication pattern. This workload rep-
resents the early phase of MoE training, when most tokens are
routed to a small subset of experts due to initial model bias. For
example, with 16 experts, expert parallelism degree 16, and top
𝑘 = 2 routing, nearly all data is directed to only two GPUs.

Lightly-skewed communication pattern. This workload rep-
resents later training stages, typically after the auxiliary load-
balancing loss has taken effect. At this point, communication is
more evenly spread across experts, though some skew remains. The
MTM ratio in this scenario fluctuates between 1 and 2.5.

8.2 Performance of Highly-skewed All-to-allv
We first study the highly-skewed communication pattern. Figure 7
reports the completion time of Cray MPICH, NCCL, and SABRE for
buffer sizes of 128 MB and 256 MB as we scale the job from 16 to 256
GPUs. Cray MPICH and NCCL have almost the same completion
time in all cases. Both baselines lack explicit traffic balancing, so the
slowest processes determine performance, confirming that inter-
node bandwidth is the main bottleneck.

In contrast, SABRE delivers much lower completion time across
all settings. As discussed in Section 5, SABRE first performs greedy
communication gathering and balancing inside each node, then
groups inter-node transfers into a small number of balanced flows,
and finally redistributes data within the destination nodes. This
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Figure 7: All-to-allv performance under highly-skewed communication patterns, where message size denotes the average data
volume sent per process. SABRE consistently outperforms Cray MPICH and NCCL across GPU counts and message sizes.
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Figure 8: All-to-allv performance under lightly-skewed communication patterns, where message size denotes the average data
volume sent per process. SABRE consistently outperforms Cray MPICH and NCCL across GPU counts and message sizes.

design evens out send and receive data on every node and removes
stragglers. As a result, SABRE achieves up to 1.8×, 1.9×, 2.3×, 2.4×,
and 2.4× speedup over the best baseline at 16, 32, 64, 128, and 256
GPUs, respectively.

Moreover, Figure 9 (left) further shows SABRE’s speedup over
NCCL in the highly-skewed setting for various message sizes and
GPU counts. These results indicate that SABRE consistently pro-
vides significant speedups across all message sizes and GPU counts.

8.3 Performance of Lightly-skewed All-to-allv
We next examine the lightly-skewed communication pattern, which
represents later training stages where the auxiliary loss has already
made routing more balanced. Figure 8 shows the results on Perlmut-
ter for 16, 32, 64, and 128 GPUs and uses buffer sizes of 128 MB and
256 MB. Under this workload, the gap between Cray MPICH and
NCCL remains small, since both are limited by inter-node conges-
tion. As described in Section 6.2, the SABRE w/o overlap baseline
only partitions the system into a 2D mesh. Each GPU exchanges
data with peers that are in the same inter-node group (rank %

GPUs_per_node) and forwards residual communication, but it does
not overlap intra-node and inter-node communication, so pipeline
stalls remain. As shown in Figure 8, SABRE w/o overlap still has
better performance than NCCL and Cray MPICH, which shows
that this 2D grouping effectively mitigates congestion.

SABRE continues to outperform the baselines. Across all GPU
counts and message sizes, SABRE achieves the lowest completion
time and runs 10–30% faster than Cray MPICH and NCCL. The 2D
all-to-allv design for the lightly-skewed regime overlaps intra-node
forwarding with inter-node exchange, actively uses fast intra-node
links to relieve pressure on the network. This overlap keeps intra-
node links busy, reduces contention on inter-node links, and yields
consistent speedup across all GPU counts and message sizes. The
contrast between SABRE w/o overlap and SABRE highlights that
pipelining and overlap optimizations are necessary to fully exploit
the all-to-allv operation. Figure 9 (right) shows speedups over NCCL.
SABRE maintains strong speedups for all large message sizes in
the lightly-skewed case. However, for very large GPU counts with
medium total message sizes per process, SABRE can be slower than
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Figure 9: Heatmaps showing speedups from using SABRE over NCCL for highly-skewed (left) and lightly-skewed (right)
all-to-allv on Perlmutter. Message size denotes the average data volume sent per process.

NCCL. This behavior is expected. In this paper, the message size is
the total amount of data each process sends. When we increase the
number of GPUs while keeping this total message size fixed, the
average block size per peer becomes very small. For example, with
a 64MB message size and 256 GPUs, each block sent to a peer is
only about 64MB/256 ≈ 256 KB. In this regime, the workload falls
outside the sweet spot of our pipelined 2D all-to-allv algorithm.

8.4 Impact on Application Performance
To understand how our all-to-allv optimizations behave in real
applications, we evaluate SABRE in an end-to-end MoE training
workload. We integrate SABRE into Megatron-LM [39], a widely
used framework for large-scale transformer models and MoE train-
ing. The baseline uses the default dist.all_to_all_single kernel
in PyTorch [35], which relies on a simple fan out algorithm.
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Figure 10: End-to-end MoE training time comparison be-
tween SABRE and the default PyTorch implementation.

In our setup, we enable expert parallelism, assign one expert to
each GPU, and set the routing to top 𝑘 = 2. Note that MoE routing

decisions change every iteration; the communication matrix differs
from call to call. SABRE recomputes the MTM ratio and selects the
algorithm on every all-to-allv invocation. This dynamic selection
overhead is included in the reported end-to-end times. For the
16, 32, and 64 GPU configurations, we keep the hidden size at
4096. Note that the MoE gating mechanism routes most tokens
to a small number of experts. As a result, when we scale to 128
and 256 GPUs, the same model size no longer fits in GPU memory,
so in these two configurations we halve the model size for each
expert. As shown in Figure 10, compared with the NCCL-based
PyTorch all_to_all_single, SABRE speeds up MoE training by
1.28×, 1.79×, and 1.40× on 16, 32, and 64 GPUs, and by 1.69× and
1.71× on 128 and 256 GPUs. These results demonstrate that our
all-to-allv optimizations bring significant end-to-end performance
gains for real MoE training workloads.

9 Conclusion
In this paper, we revisit all-to-allv as a key communication bottle-
neck in deep learning workloads that run on modern GPU systems.
We analyze how severe load imbalance and inter-node congestion
limit existing MPI and NCCL implementations, and derive a tight
lower bound for highly-skewed all-to-allv that is achieved when
each node spreads its send and receive data evenly across all NICs.
Based on this analysis, we propose a skew-aware 2D all-to-allv
algorithm that uses high-bandwidth intra-node links for gathering
and redistribution while reducing inter-node contention through
grouped, batched communication. For lightly-skewed all-to-allv, we
design a 2D all-to-allv pipeline algorithm that overlaps intra-node
forwarding with inter-node exchange and actively uses fast intra-
node links to relieve network pressure. At runtime, SABRE uses
the maximum-to-mean ratio to select the most suitable all-to-allv
algorithm. SABRE also provides a Python interface that can serve as
a direct replacement for dist.all_to_all_single in deep learn-
ing frameworks. Experiments on the Perlmutter supercomputer
demonstrate that SABRE achieves up to 2.4× speedup over Cray
MPICH and NCCL in microbenchmarks, and delivers up to 1.8×
speedup in end-to-end Megatron-LM MoE training compared with
the default PyTorch implementation.
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