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Abstract
As large language models (LLMs) continue to grow in size, dis-

tributed inference has become increasingly important.Model-parallel

strategies must now efficiently scale not only across multiple GPUs

but also across multiple nodes. In this work, we present a detailed

performance study of multi-node distributed inference using LLMs

on GPU-based supercomputers. We conduct experiments with sev-

eral state-of-the-art inference engines alongside YALIS, a research-

oriented prototype engine designed for controlled experimentation.

We analyze the strong-scaling behavior of different model-parallel

schemes and identify key bottlenecks. Because all-reduce opera-

tions are a common performance bottleneck, we develop NVRAR, a

hierarchical all-reduce algorithm based on recursive doubling with

NVSHMEM. NVRAR achieves up to 1.9×–3.6× lower latency than

NCCL for message sizes between 128KB and 2MB on HPE Sling-

shot and InfiniBand interconnects. Integrated into YALIS, NVRAR

achieves up to a 1.72× reduction in end-to-end batch latency for

the Llama 3.1 405B model in multi-node decode-heavy workloads

using tensor parallelism.

CCS Concepts
• Computing methodologies→ Neural networks; Distributed
algorithms.
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1 Introduction
As large language models (LLMs) grow in size and adoption, infer-

ence costs are rising rapidly [6, 15, 21]. Practitioners increasingly

rely on larger models, longer sequences, and compute-intensive rea-

soning to improve output quality [16, 37, 46]. Improving inference

performance is therefore critical for reducing energy consumption

and operational costs.

With increasing LLM sizes, memory footprints often exceed the

capacity of a single GPU, requiring parallel execution across mul-

tiple devices. On most clusters, a single node, typically with four

to eight GPUs, is insufficient to host large models such as Llama

3.1 405B [9]. To enable inference using such models, inference

engines use model parallelism [14, 33] schemes, which partition

the model parameters across GPUs. While model parallelism for

inference within a single node has been extensively studied and

optimized [4, 19], inference in multi-node settings is comparatively

under-explored. In this paper, we systematically study, compara-

tively evaluate, and optimize multi-node inference workloads.

Multi-node inference introduces challenges such as higher inter-

node latencies compared to faster within-node NVLink connections.

As a result, parallelization strategies that perform well within a

node can experience substantial degradation in multi-node settings

due to increased communication overheads. Moreover, the opti-

mal choice of parallelism strategy often depends on the specific

inference workload characteristics and the efficiency of underlying

communication libraries. Consequently, it remains unclear which
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model parallelism schemes are best suited for multi-node inference

and how to optimize them further.

In this work, we address the following research questions:

• How do different model parallel schemes (tensor and hy-

brid parallelism) scale across multiple nodes in distributed

environments for specific inference workloads?

• What performance bottlenecks arise in these model parallel

schemes under the workloads studied?

• Canwe optimize collective communication, which appears as

a common performance bottleneck in multi-node inference?

To investigate the questions above, we study the performance

of two popular model-parallel schemes: tensor parallelism (TP)

and hybrid tensor-pipeline parallelism (HP), in multi-node settings.

We evaluate two state-of-the-art inference engines, vLLM [18] and

SGLang [52], alongside YALIS, a research-oriented inference engine

we develop to facilitate controlled experiments in multi-node HPC

environments. We evaluate the performance of these engines on

batched inference workloads, and study the scaling behavior of

both model-parallel schemes. We identify bottlenecks via detailed

performance breakdowns for each of the schemes.

Based on the results of our performance study, we find that work-

loads that perform better with TP suffer from significant communi-

cation overheads from the all-reduce operations. To address this,

we propose NVRAR: a hierarchical all-reduce implementation built

using NVSHMEM [28], and optimized for message sizes occurring

in inference workloads. We evaluate NVRAR against NCCL’s all-

reduce [1] on multiple HPC interconnects, and observe up to 1.9×
better performance on HPE Slingshot-11 and 3.6× on InfiniBand

networks in the 256KB to 2MB message size range. Integrating

NVRAR into YALIS and vLLM yields up to a 1.72× improvement in

multi-node inference performance for the Llama 3.1 405B model in

decode-heavy regimes.

The main contributions of this work are as follows:

• We systematically study the performance of model-parallel

inference schemes in multi-node settings, producing detailed

performance breakdowns. To facilitate this study, we develop

YALIS
1
, an inference engine designed for easier experimen-

tation in multi-node HPC environments.

• Based on our performance analysis, we characterize how

tensor parallelism compares to pipeline parallelism for dif-

ferent multi-node workloads and across inference phases.

We identify bottlenecks in both parallelism schemes.

• To address the communication bottleneck in multi-node TP

inference, we develop NVRAR
2
, a custom all-reduce imple-

mentation optimized for the small-message regime charac-

teristic of decode-heavy workloads. NVRAR delivers up to

1.72× faster multi-node TP inference for Llama 3.1 405B.

2 Background
This section provides background on LLM inference, model paral-

lelization strategies, and the communication primitives they use.

LLM inference consists of two phases: prefill and decode. In pre-

fill, the model processes all prompt tokens in parallel to generate

the first output token and is typically compute-bound due to large

1
https://github.com/axonn-ai/yalis

2
https://github.com/hpcgroup/nvrar

matrix multiplications. In decode, it generates subsequent tokens se-

quentially, becoming memory-bandwidth-bound because of smaller

matrix multiplications and frequent parameter/KV-cache accesses.

2.1 Model Parallelism for Inference
LLMs that exceed the memory capacity of a single GPU require

distributing model parameters and computations across multiple

GPUs. This is broadly referred to asmodel parallelism, which can be

implemented in several ways. In pipeline parallelism (PP), contigu-
ous groups of layers are assigned to 𝑃 processing units (pipeline

stages), forming a sequential dependency chain with point-to-point

communications. It achieves high utilization by splitting a batch of

prompts into pipelined micro-batches. In tensor parallelism (TP), the
computation of each layer is partitioned across GPUs by splitting

the underlying matrix multiplications. TP has no sequential depen-

dency between GPUs, but aggregation of partial results incurs high

communication overheads due to per-layer all-reduce operations.

2.2 Algorithms for All-reduce
NCCL [1] is the default communication library for AI workloads on

NVIDIA GPUs and primarily implements two all-reduce algorithms:

Ring and Tree [13]. Other variants, such as CollNet, depend on

specialized DGX hardware and are out of scope for this study. We

model the performance of Ring and Tree all-reduce using the 𝛼-

𝛽 communication model [12]. Consider a system with 𝑁 nodes,

each containing𝐺 GPUs. The inter-node network has latency 𝛼inter
and bandwidth 𝛽inter, while the intra-node interconnect has latency

𝛼intra and bandwidth 𝛽intra, where 𝛼intra < 𝛼inter and 𝛽intra > 𝛽inter.

Let𝑀 denote the input message of size |𝑀 | bytes.

Ring all-reduce.NCCL’s Ring all-reduce performs a reduce-scatter

followed by an all-gather over a flat ring topology where all links

are active each step. Inter-node links dominate the cost, and the

communication time is modeled as:

𝑇ring = 2(𝑁𝐺 − 1)𝛼inter + 2
𝑁𝐺 − 1
𝑁𝐺

(
|𝑀 |
𝛽inter

)
(1)

Tree all-reduce. The Tree all-reduce performs a reduction fol-

lowed by a broadcast using a double binary tree topology [27]

for inter-node communication and a simple intra-node chain. The

communication time is modeled as:

𝑇tree ≈2(𝐺 − 1) 𝛼intra + 2 log2 (𝑁 ) 𝛼inter + 2
𝑁 − 1
𝑁

(
|𝑀 |
𝛽inter

)
(2)

For simplicity, we consider only the inter-node bandwidth term in

the above expression (𝛽intra ≫ 𝛽inter).

NVSHMEM. An OpenSHMEM-based [7] communication library

from NVIDIA, providing host and device APIs for one-sided put/get

and collective operations over NVLink, Slingshot, and InfiniBand. It

enables implementation of GPU-initiated communication kernels.

3 Studying Performance of Multi-node
Inference

This section presents a performance study of multi-node LLM in-

ference. Our objective is to evaluate different model-parallelism

schemes, understand their scaling behavior, and identify bottle-

necks for batched inference workloads. We first introduce YALIS, a

https://github.com/axonn-ai/yalis
https://github.com/hpcgroup/nvrar
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prototype inference engine built for controlled performance stud-

ies. We then detail our benchmarking methodology and present

our experimental results, discussing the performance of YALIS and

existing state-of-the-art inference engines in multi-node settings.

3.1 YALIS: Yet Another LLM Inference System
YALIS is an open-source inference engine built as a research vehicle

to study multi-node LLM inference. It is intended to be performant,

easy to instrument, and more amenable to Slurm-based environ-

ments. These properties allow for detailed analysis of inference

performance on HPC systems. Its design is centered around three

key components: (1) a unified model definition layer, adapted from

LitGPT [20], providing compatibility with a wide range of model

architectures; (2) an execution layer utilizing Torch Compile [22]

for kernel fusion and optimization, and CUDA Graphs [26] for min-

imal kernel-launch overheads; and (3) tensor model parallelism

implemented via AxoNN [34–36], both within and across nodes.

3.2 Benchmarking Methodology

Table 1: Details of the HPC systems used in our experiments.

System GPU GPUs/Node Interconnect

Perlmutter A100 (40/80GB) 4

Intra-Node: 3
rd

gen NVLink

Inter-Node: Slingshot-11

Vista GH200 (96GB) 1 Inter-Node: InfiniBand

Hardware and Models. Our scaling experiments use the Perlmut-

ter system [23] (Table 1) (80GB nodes unless otherwise specified).

We evaluate two dense LLMs — Llama 3.1 70B (Instruct) and 405B

(Instruct) [9] — in bf16 precision. While we evaluate a single model

family, its architecture and compute, memory, and communication

patterns are representative of other dense LLMs.

Table 2: Details of workloads evaluated in our experiments.

Workload Prompt Length Decode Length NumPrompts (#P)

Prefill-heavy 2363 128 8, 32

Decode-heavy 1426 3072 8, 32

Workloads and Metrics. Table 2 lists the workload configurations
used in our experiments. We define NumPrompts (#P) as the number

of prompts provided to the inference engine in a single user batch.

For brevity, we present a subset of results in the main text, with

additional results in Appendix A.

In batched inference workloads, the engine processes one batch
of prompts to completion before we submit the next batch. This

mirrors real-world settings such as synchronous GRPO [11, 32] and

helps isolate GPU execution performance from scheduler effects.

We report the total time-to-completion for a single batch of prompts.

In our strong scaling experiments (fixed workload across GPUs),

the 70B model is scaled from four GPUs (single node) to 32 GPUs

(eight nodes), and the 405B model is scaled from 16 GPUs (four

nodes) to 128 GPUs (32 nodes). Each run includes two warm-up

and up to three timed generations. We repeat each run three times

and report average performance. For performance breakdowns, we

use one run with two warm-up and one profiled generation.

Table 3: Parallelism schemes and inference engines.

Parallelism Intra-Node Inter-Node Engines

Tensor Parallelism (TP) TP TP

YALIS, vLLM V1 (v0.11.0),

SGLang (v0.5.1)

Hybrid Parallelism (HP) TP PP

vLLM V0 (v0.10.0),

SGLang (v0.5.1)

Software Stack and Parallelism Schemes. Table 3 lists the infer-
ence engines we use in our experiments for different parallelism

schemes. We use PyTorch 2.8 [30] and CUDA 12.9 for all experi-

ments. For vLLM, we use the V0 engine for HP because we observed

persistent hangs with the V1 engine when using Ray-based PP on

Slurm-based systems [31]. For performance breakdowns, we use

Nsight Systems [24] to collect traces and Pipit [5] to analyze them.

3.3 Scaling Multi-node LLM Inference
Figures 1 and 2 report the time-to-completion for a batch of prompts

across all engines for Llama 3.1 70B and 405B on Perlmutter, respec-

tively. From left to right, the workloads transition from compute-

bound to increasingly memory-bound regimes.

We first observe that YALIS (orange line) achieves comparable

performance to state-of-the-art engines, particularly for memory-

bound workloads. For the 70B model, YALIS is within 5–16% of

vLLM (TP) at eight GPUs and beyond. For the 405B model, it is

within 8% for all GPU counts. The only noticeable deviation occurs

for the 70B model’s prefill-heavy workload at 16 GPUs. Crucially,

YALIS exhibits scaling trends consistent with other engines, vali-

dating its suitability as a research vehicle for studying multi-node

LLM inference. The missing data points correspond to OOM errors.

Across all models and engines, both TP and HP exhibit poor

strong scaling, where the time to solution does not scale inversely

with GPU count. Focusing on the 70B model (Figure 1), vLLM (TP)

(green line) latencies decrease from four GPUs (single node) to

eight GPUs (two nodes), with more noticeable improvements for

the decode-heavy workload (right-most plot). However, after 16

GPUs, the latency remains almost constant or increases with GPU

count. This trend is consistent for TP, across all engines and models.

When using HP, we observe a different trend. In the prefill-heavy

regime for the 70Bmodel (Figure 1), vLLM (HP) (black line) latencies

remain nearly constant with a smaller number of prompts (middle

plot), but decrease (up to 16 GPUs) with a larger number of prompts

(left plot). For the 405B model, latencies decrease initially for both

small and large numbers of prompts, before increasing or flattening

out. SGLang (HP) (pink line) exhibits a similar trend. For decode-

heavy workloads, however, HP latencies increase significantly with

increasing GPU count for both vLLM and SGLang.

Comparing the two schemes, HP outperforms TP for the most

compute-bound and prefill-heavy workload (Figure 1, left), but TP

starts to outperform HP as workloads become more memory-bound

and decode-heavy. This holds across engines (Figure 1, middle and

right). Similar trends are observed for the 405B model (Figure 2).

Observation 1: For the workloads studied, TP and HP do not

scale ideally. HP is advantageous in compute-bound regimes,

whereas TP is better for memory-bound and decode-heavy cases.
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Figure 1: Strong scaling performance of different inference engines on Perlmutter for Llama 3.1 70B Instruct. The Y-axis denotes
the end-to-end latency per batch in seconds, and the X-axis denotes the number of GPUs.
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Figure 2: Strong scaling performance of different inference engines on Perlmutter for Llama 3.1 405B Instruct. The Y-axis
denotes the end-to-end latency per batch in seconds and the X-axis denotes the number of GPUs.

3.4 Identifying Performance Bottlenecks
To better understand the scaling behaviors of TP and HP across

prefill- and decode-heavy workloads, we analyze the performance

breakdowns of YALIS (TP) and vLLM (HP) on eight and 16 GPUs

for the 70B model (Figure 3). We decompose the total time into four

components: Matmul (time spent in matrix multiplications), Other
Comp. (time spent in other computations), Comm. (time spent in

communication), and Idle (per-GPU idle time). We report per-GPU

breakdowns rather than aggregating across the critical path.

TP HP TP HP0

5

10

15

20

T
im

e 
(s

)

8 GPUs 16 GPUs

Prefill-heavy
NumPrompts = 32

TP HP TP HP0

50

100

150

200

8 GPUs 16 GPUs

Decode-heavy
NumPrompts = 8

Matmul Other Comp. Comm. Idle

Figure 3: Performance breakdownof TP (using YALIS) andHP
(using vLLM) for the prefill-heavy and decode-heavy work-
loads on Perlmutter for the 70B Llama model.

For the prefill-heavy workload (Figure 3, left), both YALIS (TP)

and vLLM (HP) reduce computation time going from eight to 16

Table 4: Synthetic benchmarks modeling Prefill-GEMM
(𝑀=32768, 𝑁=8192, 𝐾=57344) and Decode-GEMM (𝑀=32,
𝑁=8192,𝐾=57344) matrix multiplications in the MLP layer of
the 70B Llama model.𝑀/2 corresponds to HPmicro-batching
and 𝐾/2 corresponds to TP.

Workload Baseline (𝑀 ,𝑁 ,𝐾) HP (𝑀/2,𝑁 ,𝐾) TP (𝑀 ,𝑁 ,𝐾/2)

Prefill-GEMM 108.033 ms 53.824 ms 53.896 ms

Decode-GEMM 0.614 ms 0.574 ms 0.359 ms

GPUs, with vLLM (HP) achieving lower overall latency due to re-

duced communication overhead. However, vLLM (HP) exhibits un-

expectedly high GPU idle time. We hypothesize that this behavior

is due to pipeline bubbles in batched inference caused by imbal-

anced prefill and decode stage times. Continuous batching [49] can

mitigate this, but we leave detailed investigation to future work.

For decode-heavy workloads, HP fails to reduce the time spent

in matrix multiplications, unlike TP. This partially explains why,

despite lower communication costs, HP does not scale as well for

such workloads. To isolate this behavior, we run a synthetic GEMM

benchmark using two representative matrix sizes: Prefill-GEMM

(𝑀=32768, 𝑁=8192, 𝐾=57344) and Decode-GEMM (𝑀=32, 𝑁=8192,

𝐾=57344). The former models large-𝑀 prefill matmuls (batch size

× prompt length), while the latter models small-𝑀 decode matmuls

(batch size × 1). Table 4 reports the runtime of both when either𝑀

is halved (micro-batching in the PP phase of HP) or𝐾 is halved (TP).

For Prefill-GEMM, halving either𝑀 or 𝐾 nearly halves the runtime.

For Decode-GEMM, however, halving 𝐾 reduces the runtime sub-

stantially, whereas halving𝑀 yields only a marginal reduction. This
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behavior arises due to tiling in GEMM kernels, where decreasing

𝑀 below the tile size yields no speedup. While TP outperforms

HP for these workloads, it still incurs significant communication

overhead. Figure 3 (right) highlights that the communication time

in YALIS (TP) increases by ∼1.6×, offsetting the gains from reduced

computation time when going from eight to 16 GPUs.

Observation 2: For prefill-heavy workloads, both TP and PP

reduce computation time, with PP achieving lower overall latency

due to its reduced communication overhead. For decode-heavy

workloads, PP does not reduce matrix multiplication time, while

TP suffers from significant communication overhead.

3.5 Communication Issues in Tensor
Parallelism

4 8 16 32 64 128
Number of GPUs

0.0

0.1

0.2

0.3
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0.5

T
im

e 
(m

s)

Scaling NCCL and MPI all-reduce (Perlmutter)

NCCL (512 KB)
Cray-MPICH (512 KB)
Cray-MPICH (128 KB)
NCCL (128 KB)

Figure 4: Scaling performance of NCCL and MPI all-reduce
for a range of message sizes on Perlmutter.

The primary communication collective in TP is all-reduce. In

the decode-heavy regime, it is dominated by small messages of size

𝐵 ×𝐻 , where 𝐵 is the batch size and 𝐻 the hidden dimension. For

the 70B model with 𝐵=8 and 𝐻=8192, this message size is 128 KB.

Across our workloads, message sizes range from 128KB to 1MB.

To further analyze communication bottlenecks, we benchmark

NCCL all-reduce against GPU-aware Cray-MPICH on Perlmutter

(40 GB nodes), focusing on small messages. We run the OSU bench-

mark [42] and nccl-tests [25], and report average all-reduce time

over 10 runs (200 warm-up and 10,000 timed iterations) in Fig-

ure 4. We observe that NCCL all-reduce is substantially faster

within a node, but scales poorly across nodes compared to MPI.

For 512 KB–1MB messages, NCCL is 1.5–2× slower than MPI, with

latency growing faster with message size at any given scale. While

Cray-MPICH’s implementation is proprietary, the open-source

MPICH [10] library typically employs a latency-optimal recursive-

doubling algorithm [40] for these regimes, which can explain the

performance gap.

Observation 3: For small message sizes, typical in the decode

phase, NCCL all-reduce exhibits poor scaling across nodes and

can at times be slower than MPI.

Algorithm 1: NVRAR
Input:Message𝑀 ; GPUs/node𝐺 ; number of nodes 𝑁 ; chunk size

𝐶𝑠 ; sequence number 𝑠𝑒𝑞; GPU rank (within node) 𝑟𝑔 ; node

rank 𝑟𝑛 ; pre-allocated send/receive buffers 𝐵𝑠𝑒𝑛𝑑 , 𝐵𝑟𝑒𝑐𝑣

Output:𝑀 reduced in-place

1 Function NVRAR(𝑀,𝐺, 𝑁,𝐶𝑠 , 𝑠𝑒𝑞, 𝑟𝑔, 𝑟𝑛 ):
2 𝑀 ′ ← REDUCE-SCATTER𝑖𝑛𝑡𝑟𝑎 (𝑀,𝐺 ) ;
3 𝑠𝑒𝑞 ← 𝑠𝑒𝑞 + 1;
4 for 𝑖 = 0 to log

2
𝑁 − 1 do

5 𝑝𝑒𝑒𝑟𝑖 ← (𝑟𝑛 ⊕ 2
𝑖 , 𝑟𝑔 ) ;

6 Wait(𝑝𝑒𝑒𝑟𝑖 , seq) // Synchronize Sequence Number

7 end
8 𝐵𝑠𝑒𝑛𝑑 [0] ← PackDataAndSeqNum(𝑀 ′, seq) ;
9 𝐵𝑜𝑢𝑡 ← RDinter ( [𝐵𝑠𝑒𝑛𝑑 , 𝐵𝑟𝑒𝑐𝑣 ], 𝑁 ,𝐶𝑠 , 𝑠𝑒𝑞, 𝑟𝑔, 𝑟𝑛 ) ;

10 𝑀 ′ ← UnpackDataAndSeqNum(𝐵𝑜𝑢𝑡 , 𝑠𝑒𝑞) ;
11 𝑀 ← ALL-GATHER𝑖𝑛𝑡𝑟𝑎 (𝑀 ′,𝐺 ) ;

12 Function RDinter(𝐵𝑠𝑒𝑛𝑑 , 𝐵𝑟𝑒𝑐𝑣, 𝑁 ,𝐶𝑠 , 𝑠𝑒𝑞, 𝑟𝑔, 𝑟𝑛):
13 𝑄 ← ⌈|𝐵𝑠𝑒𝑛𝑑 [0] |/𝐶𝑠 ⌉ // Number of chunks

14 for ℓ = 0 to log
2
𝑁 − 1 do

15 𝑝𝑒𝑒𝑟ℓ ← ( 𝑟𝑛 ⊕ 2
ℓ , 𝑟𝑔 ) ;

16 for 𝑞 = 0 to𝑄 − 1 do
17 𝑠𝑟𝑐𝑞 ← 𝐵𝑠𝑒𝑛𝑑 [ℓ ] [𝑞 ]; 𝑑𝑠𝑡𝑞 ← 𝐵𝑟𝑒𝑐𝑣 [ℓ ] [𝑞 ];
18 NON-BLOCKING-PUT: 𝑠𝑟𝑐𝑞 → 𝑝𝑒𝑒𝑟ℓ ’s 𝑑𝑠𝑡𝑞 ;

19 Wait until 𝑓 𝑙𝑎𝑔 (𝑑𝑠𝑡𝑞 ) == 𝑠𝑒𝑞 // Wait for data

20 𝐵𝑠𝑒𝑛𝑑 [ℓ + 1] [𝑞 ] ← 𝑑𝑠𝑡𝑞 + 𝑠𝑟𝑐𝑞 ;
21 end
22 end
23 return 𝐵𝑠𝑒𝑛𝑑 [ℓ ];

4 Optimized Multi-node All-reduce
We establish in the previous section that TP is generally more

performant for decode-heavy workloads. Next, we focus on op-

timizing its communication bottlenecks. One potential approach

to address NCCL’s all-reduce performance issues is to use MPI

wherever it is faster than NCCL. However, standard MPI imple-

mentations are ill-suited for inference workloads due to the lack of

CUDA Graph support and sub-optimal intra-node NVLink commu-

nication. As an alternative to NCCL and MPI, we develop NVRAR:

an NVSHMEM-based hierarchical all-reduce implementation that

uses the recursive-doubling algorithm and is optimized for small-

message inter-node communication.

4.1 Three-Phase Hierarchical All-reduce Design
NVRAR (Algorithm 1) has three phases: (1) an intra-node reduce-

scatter, (2) an inter-node recursive-doubling all-reduce, and (3) an

intra-node all-gather. Figure 5 illustrates this design for an 𝑁 -node

system with 𝐺 GPUs/node.

Reduce-scatter Phase: In the first phase (Line 2 of Algorithm 1),

GPUs within a node perform a local reduce-scatter operation. For in-

put message𝑀 of size |𝑀 | bytes, each GPU holds
|𝑀 |
𝐺

bytes of data

reduced within each node at the conclusion of this phase. We im-

plement this using the nvshmemx_TYPENAME_sum_reducescatter
host-side API, which internally calls NCCL reduce-scatter.
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Figure 5: Three-phase NVRAR design: (1) intra-node reduce-scatter, (2) inter-node all-reduce, (3) intra-node all-gather.

Inter-Node Recursive-Doubling Phase: In the second phase

(Line 9 of Algorithm 1), corresponding GPUs with the same local

ID on each node perform an all-reduce. Each node is identified

by its ID 𝑟𝑛 ∈ [0, 𝑁 − 1], and each GPU within a node by its

local ID 𝑟𝑔 ∈ [0,𝐺 − 1], so each GPU is uniquely identified by

the pair (𝑟𝑛, 𝑟𝑔). This phase takes log2 𝑁 steps. At each step 0 ≤
𝑖 < log

2
𝑁 , GPU (𝑟𝑛, 𝑟𝑔) exchanges data with its 2

𝑖
-th logical peer,

(𝑟𝑛 ⊕ 2𝑖 , 𝑟𝑔), where ⊕ denotes bitwise XOR. Thus, GPUs with the

same local ID communicate across nodes. Upon receiving data, each

GPU performs a local reduction with the received buffer before

proceeding to the next step. After all log
2
𝑁 steps, each GPU holds

|𝑀 |
𝐺

bytes of the globally reduced data. We implement this phase

with a custom NVSHMEM kernel using non-blocking put_nbi-
based RMA primitives.

All-gather Phase: In the third and final phase (Line 11 of Algo-

rithm 1), the GPUs within a node perform a local all-gather opera-

tion to combine their
|𝑀 |
𝐺

fraction of the globally reduced data into

a single tensor. Similar to the reduce-scatter phase, we implement

this using NVSHMEM’s host API. After completion, every GPU

holds the full globally reduced tensor, completing the all-reduce.

4.2 Performance Optimizations
The inter-node phase of NVRAR contributes most to the overall all-

reduce runtime. Apart from choosing the algorithmically optimal

recursive-doubling approach, we make three key optimizations for

increased efficiency and lower latency: (1) chunked non-blocking

communication, (2) fused data-flag payloads for per-step synchro-

nization, and (3) sequence-number-based global synchronization.

4.2.1 Chunked Non-Blocking Communication. Efficient utilization

of GPU SMs and concurrent progress of data transfers and reduc-

tions across thread blocks are crucial for all-reduce performance.

To achieve this, we partition the message into disjoint data blocks,

processed independently by 𝐵𝑠 thread blocks. Each thread block fur-

ther subdivides its data into chunks of size𝐶𝑠 bytes (Lines 15–21 in

Algorithm 1). Each chunk is transmitted to the corresponding peer

GPU using a non-blocking, block-cooperative NVSHMEM primi-

tive. Upon receiving a peer’s chunk, the thread block performs a

local reduction and advances to the next chunk.

This design allows different thread blocks to progress through dif-

ferent stages of the all-reduce concurrently, creating coarse-grained

computation-communication overlap across SMs. Non-blocking

communication allows asynchronous sending and waiting for data,

while per-block chunking offers tunable control over the granu-

larity of network injection. We tune 𝐵𝑠 and 𝐶𝑠 once for a given

message size and node count, as performance is sensitive to these

hyperparameters (Appendix C.1).

To further enable asynchronous progress across inter-node steps,

we allocate per-step send and receive buffers. This allows sending

data to the next peer before the receiving peer has completed its

previous step. The extra memory overhead is negligible for small

messages and logarithmic recursion depth.

4.2.2 Fused Payloads for Step Synchronization. At each recursive-

doubling step, peers need to synchronize to ensure the comple-

tion of remote data receipt before performing local reduction. A

straightforward approach is to use NVSHMEM’s explicit signaling

primitives — put_with_signal and wait_until. However, these
primitives introduce non-trivial latency overheads, particularly on

Slingshot networks. The root cause lies in NVSHMEM’s current

libfabric implementation, where put_with_signal relies on soft-

ware fences instead of Slingshot’s hardware fences and message

ordering capabilities.

To avoid explicit signaling, we adopt NCCL’s low-latency LL pro-
tocol design, fusing data and synchronization flags into a single 8 B

payload (4 B data + 4 B flag). This granularity ensures atomic and or-

dered delivery of each data word and its flag, on both Slingshot and

InfiniBand. Fused payloads also allow reductions to begin immedi-

ately upon receipt (at a warp level), enabling fine-grained progress

and synchronization without extra communication overhead.

4.2.3 Sequence-Number-Based Global Synchronization. When all-

reduce operations are issued in succession, previous operations

must complete before the intermediate buffers can safely be reused.

NVSHMEM provides quiet and fence primitives to achieve this,

but they add significant latency overheads. Instead, we assign each

all-reduce operation a unique sequence number (Line 2 of Algo-

rithm 1). Each rank waits for its peers to reach the same sequence

number (Lines 4–6 of Algorithm 1) before sending data in the inter-

node communication phase.

Crucially, each rank synchronizes only with its peers, rather

than with all ranks through a global barrier. This synchronization

occurs at the beginning of the all-reduce operation, rather than at

the end, allowing each rank to use the all-reduced data immediately

after its operation completes. Waiting for peer ranks to finish is

deferred until the next all-reduce is issued. We implement this using

NVSHMEM’s atomics.
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Figure 6: Performance comparison of NVRAR and NCCL all-reduce. (Left) Scaling of NVRAR and NCCL all-reduce for 256KB
and 1024KB messages across GPU counts on Perlmutter. (Middle, Right) Speedup of NVRAR over NCCL across message sizes
and GPU counts on Perlmutter (A100, Slingshot-11) and Vista (GH200, InfiniBand).

4.3 Performance Model for NVRAR
To analyze NVRAR’s performance, we model its communication

time using the 𝛼-𝛽 model and notations from Section 2.

Reduce-scatter Phase.Within a node, NVRAR uses NCCL reduce-

scatter (Ring), modeled as:

𝑇RS = (𝐺 − 1)𝛼intra +
𝐺 − 1
𝐺

(
|𝑀 |
𝛽intra

)
(3)

Inter-Node Recursive-Doubling Phase. The inter-node phase
proceeds in log

2
(𝑁 ) steps across 𝑁 nodes, with a message size

of |𝑀 |/𝐺 . Packing the data and flag leads to a 1 < 𝜂 < 2 factor

increase in the message size. Each step requires a single exchange

between peers and thus, the communication time is:

𝑇RD = log
2
(𝑁 )𝛼inter +

𝑁 − 1
𝑁

(
𝜂 |𝑀 |
𝐺 𝛽inter

)
(4)

All-gather Phase. Finally, the results are aggregated within each

node by NCCL’s all-gather (Ring), modeled as:

𝑇AG = (𝐺 − 1)𝛼intra +
𝐺 − 1
𝐺

(
|𝑀 |
𝛽intra

)
(5)

Total Communication Time. Combining the three phases, we

get the total communication time for NVRAR as:

𝑇NVRAR = 2(𝐺 − 1)𝛼intra + log2 (𝑁 )𝛼inter

+ |𝑀 |
𝐺

[
2(𝐺 − 1)
𝛽intra

+ (𝑁 − 1)𝜂
𝑁 𝛽inter

]
(6)

For small messages, the communication time is latency-dominated

and the bandwidth terms are negligible. In this regime, NVRAR

scales as O(log
2
𝑁 ) with the number of nodes, whereas Ring all-

reduce (1) scales linearly. NVRAR therefore matches the logarithmic

scaling of Tree all-reduce (2), but has a lower inter-node latency

coefficient because each recursive-doubling step requires only a

single peer exchange.

5 Results and Discussion
This section presents a detailed performance evaluation of NVRAR

against NCCL, both as an independent collective primitive and

within the context of tensor-parallel inference workloads.

Additional Setup Details. We use Perlmutter and Vista (Table 1)

for our evaluations. To isolate collective performance, we run a

microbenchmark that executes NCCL all-reduce and NVRAR, each

within a CUDA Graph, for 100 consecutive iterations. It replays the

captured graph 1,000 times (200 warm-up iterations), and we report

the average all-reduce time per collective call per iteration. CUDA

Graphs help mimic inference workloads more accurately. We use

NCCL 2.27.3 and PyTorch 2.8 for all experiments.

For end-to-end evaluation, we integrate NVRAR into YALIS and

vLLM.We run the decode-heavyworkload (Table 2) on both engines

and compare TP performance using NVRAR against NCCL all-

reduce, reporting the relative speedup in end-to-end batch time. We

also evaluate a realistic workload trace with 1,000 prompts sampled

from BurstGPT [45], using vLLM’s benchmarking framework [43].

The trace contains a mix of prefill- and decode-heavy requests

(Appendix C.4.2). For this setting, we report the output throughput

of NVRAR-based TP, NCCL-based TP, and HP deployments. We

use vLLM V1 for HP here because we do not observe the hangs

encountered in batched inference evaluations.

5.1 Comparing NVRAR and NCCL All-reduce
Figure 6 (left) reports the all-reduce microbenchmark performance

for 256 KB and 1024KB messages on Perlmutter. NVRAR (orange

line) scales linearly with GPU count on a logarithmic X-axis, con-

sistent with our theoretical model (6). For 1024KB messages on

Perlmutter, NCCL (blue line) selects the Tree algorithm (LL pro-

tocol) at all GPU counts and scales logarithmically as well. This

setting allows us to directly compare the two algorithms and at-

tribute NVRAR’s better performance to its lower latency coeffi-

cients, consistent with our model. For 256 KB messages, however,

NCCL switches from the Ring to the Tree algorithm beyond 16

GPUs, which complicates a direct theoretical comparison. Empir-

ically, NVRAR outperforms NCCL at most GPU counts for both

message sizes. We observe similar trends on Vista (Appendix C.3).

Figure 6 (middle and right) also presents the relative speedup of

NVRAR over NCCL all-reduce for a range of message sizes and GPU

counts. On Perlmutter (middle), NVRAR is slower than NCCL for

64 KB and 128 KB messages, partly due to kernel launch overheads

from its three-phase design. We also find that the microbench-

mark can slightly underestimate speedup compared to real-world

workloads with interleaved communication and computation (Ap-

pendix B). Between 256 KB and 1MB, NVRAR achieves significant

speedups over NCCL (1.06×–1.92×). On Vista (right), we observe

even higher speedups. Beyond four GPUs, for 64 KB and 128KB

messages, NVRAR outperforms NCCL by 1.08×–1.70×. Between



CAIS ’26, May 26–29, 2026, San Jose, CA, USA Singhania et al.

#P=8 #P=32 #P=8 #P=32 #P=8 #P=32
1.00

1.25

1.50

1.75

2.00

R
el

at
iv

e 
Sp

ee
du

p

0.99

1.14

1.30

1.18

1.62

1.86

8 GPUs 16 GPUs 32 GPUs

YALIS (TP) Speedup with NVRAR (70B)

#P=8 #P=32 #P=8 #P=32 #P=8 #P=32
1.00

1.25

1.50

1.75

2.00

R
el

at
iv

e 
Sp

ee
du

p

1.17

1.43

1.581.62
1.72

16 GPUs 32 GPUs 64 GPUs

YALIS (TP) Speedup with NVRAR (405B)

#P=8 #P=32 #P=8 #P=32 #P=8 #P=32
1.00

1.25

1.50

1.75

2.00

R
el

at
iv

e 
Sp

ee
du

p

0.95

1.17

1.06
1.13

1.64

1.81

8 GPUs 16 GPUs 32 GPUs

vLLM (TP) Speedup with NVRAR (70B)

Figure 7: Relative speedup of YALIS (TP) and vLLM (TP) using NVRAR over NCCL all-reduce for the decode-heavy workload on
Perlmutter, across different models and NumPrompts (#P).

256KB and 1MB, NVRAR can achieve up to 3.5× lower latency

than NCCL. We attribute these higher speedups to the architecture

of Vista, where each node has one GPU. As a result, NVRAR only

executes the inter-node recursive-doubling phase and has lower

kernel launch overheads.

To ensure that the reported speedups are not an artifact of subop-

timal algorithm selection in NCCL, we fix the all-reduce algorithm

to Tree and Ring individually and confirm that NVRAR’s gains

persist (Appendix C.3). We further verify that results hold across

NCCL versions by comparing NCCL 2.27.3 (used in our evaluation)

against NCCL 2.28.9 (shipped with the latest PyTorch 2.11). Both

versions perform similarly, and NVRAR’s speedups hold against

both (Appendix C.3.3).

5.2 Improving Multi-node TP Inference
We now present the end-to-end performance evaluation when using

NVRAR with YALIS and vLLM in multi-node inference settings.

5.2.1 Batched Inference Performance. Figure 7 (left and middle)

reports the relative speedup of YALIS (TP) with NVRAR over NCCL

all-reduce for the 70B and 405B models on Perlmutter under the

decode-heavy workload. For the 70B model (left), NVRAR acceler-

ates YALIS (TP) by 1.3× for NumPrompts(#P)=8 on 32 GPUs. For this

configuration, the all-reduce message size is 128 KB, where our stan-

dalone microbenchmark reports slowdowns with NVRAR (Figure 6).

We attribute this to themicrobenchmark launching all-reduces back-

to-back without interleaved computation, unlike real workloads.

As a result, NVRAR’s deferred peer synchronization (Section 4.2.3)

triggers immediately at the start of the next all-reduce, without

any computation to hide it. When we run the microbenchmark

with interleaved computation, the trends match end-to-end results

(Appendix B). For #P=32 on 32 GPUs (message size 512 KB), NVRAR-

based TP achieves a 1.86× speedup over NCCL-based TP. For the

405B model (middle plot), speedups range from 1.17×–1.72×, aided
by more favorable message sizes (256 KB and 1024KB) compared

to the 70B model. We observe similar speedups on Vista (Appen-

dix C.4). With vLLM (TP), NVRAR delivers up to 1.81× speedup

for the 70B model (Figure 7 right), demonstrating that the gains

generalize beyond YALIS.

5.2.2 Performance Breakdown. To better understand the perfor-

mance gains observed with NVRAR, we analyze the breakdown of

end-to-end time for YALIS (TP) using NVRAR and NCCL all-reduce

on 16 GPUs of Perlmutter for the 70B model in Figure 8. For both #P
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Figure 8: Per-phase time breakdown of YALIS (TP) using
NVRAR and NCCL all-reduce for the decode-heavy workload
on 16 GPUs of Perlmutter.

values, NVRAR leads to a lower communication time than NCCL

all-reduce. The decrease is more pronounced for #P=32 compared

to #P=8, due to the more favorable message size (512 KB vs. 128 KB).

Idle time is marginally higher for NVRAR, but not enough to offset

the overall performance gains. We plan to investigate and reduce

idle time in future versions of NVRAR.

5.2.3 Trace-based Performance Evaluation. Finally, we evaluate

NVRAR with vLLM in a serving setup, with a trace sampled from

BurstGPT. Figure 9 reports the output throughput of NVRAR-based

TP, NCCL-based TP, and HP deployments under two maximum

request concurrency settings (𝐶=32 and 256). Compared to NCCL-

based TP, NVRAR delivers 1.12×–1.36× higher throughput at𝐶=32.

At 𝐶=256, the improvement decreases to 1.04×–1.09×, because
NVRAR primarily benefits small messages (128 KB–4MB) and higher

concurrency pushes the decode message sizes towards the upper

bound of this range. Compared to HP, NVRAR-based TP achieves

1.15×–1.20× higher throughput at𝐶=256. We observe smaller gains

at𝐶=32 in this case. This partly stems from the mixed prefill-decode

batching in vLLM. At lower concurrency, prefills are dispersed, in-

creasing mixed prefill-decode batches and all-reduce message size

per batch. At higher concurrency, prefills finish earlier as more

requests are processed in parallel, leading to more decode-only

batches, where NVRAR performs best. Overall, NVRAR-based TP

outperforms NCCL-based TP by 1.04×–1.36× across both settings,
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and outperforms the best NCCL-based deployment by 1.04×–1.10×,
validating its usefulness for real-world workloads. For decode-

heavy traces, the gains are more pronounced (Appendix C.4.3).
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Figure 10: Output throughput on BurstGPT trace when serv-
ing Qwen3-235B-A22B on 16 GPUs of Perlmutter with vLLM.
We compare expert-parallel deployments: EP partitions the
MoE layers, TP×DP partitions the non-MoE layers, and
PP partitions the model end-to-end. All configurations use
NCCL except the last, which uses NVRAR. We evaluate two
maximum request concurrency settings (𝐶=32 and 𝐶=128).

5.2.4 Applicability to MoE Models. Mixture-of-experts (MoE) mod-

els increasingly combine expert parallelism (EP) in the MoE layers

with TP in the non-MoE layers. Since NVRAR targets TP all-reduce

communication, it is orthogonal to EP optimizations and can accel-

erate such MoE deployments. To validate this, we evaluate vLLM

with NVRAR on a multi-node deployment of Qwen3-235B-A22B on

16 GPUs of Perlmutter and the BurstGPT trace. Figure 10 compares

four different parallelism configurations, all using NCCL except

the last, which uses NVRAR for the TP all-reduce. The TP16-EP16

configuration with NVRAR achieves the highest throughput at both

concurrency settings. It achieves up to ∼1.14× higher throughput

than the best NCCL-based configuration at 𝐶=128. These results

confirm that NVRAR generalizes beyond dense models and pro-

vides meaningful gains in MoE deployments where TP remains a

critical communication bottleneck.

Our evaluation demonstrates that NVRAR achieves strong per-

formance improvements over NCCL all-reduce for small message

sizes, and when integrated into inference engines, it leads to signif-

icant gains in multi-node TP performance.

6 Related Work
Model Parallel Performance Studies. Several prior works in-
vestigate model-parallel schemes for inference [3, 38, 39, 48, 50,

53], in tandem with other system optimizations. However, these

evaluations are often limited to single-node or two-node settings

and smaller models. vLLM benchmarked Llama 3.1 405B perfor-

mance [44] on up to 16 GPUs (two nodes), comparing InfiniBand

and non-InfiniBand networks, exposing weak TP performance on

the latter. In contrast, our work presents a detailed systematic per-

formance study for large models in large multi-node settings (up to

32 nodes), which is increasingly relevant.We study and identify scal-

ing bottlenecks for both TP and PP. For decode-bound workloads,

we further characterize PP’s limited ability to reduce computation

time and attribute TP’s communication overhead to sub-optimal

NCCL all-reduce performance in the small message regime.

CollectiveCommunicationOptimization.Recentwork explores
collective communication optimizations to improve distributed in-

ference. A popular approach is to overlap communication with

computation. ISO [47] achieves overlap in prefill, but not in de-

code, where our approach is most beneficial. Ladder-residual [50]

achieves overlap through model-architecture changes, which we

avoid. StragglAR [8] proposes a new all-reduce algorithm to reduce

stragglers in bandwidth-bound regimes, whereas NVRAR focuses

on latency-bound regimes. Other low-latency all-reduce optimiza-

tions, such as those in vLLM [18] and TensorRT-LLM [29], target

NVLink-connected domains. NVRAR targets scale-out networks

and is complementary to these approaches — its intra-node phases

can be replaced with NVLink-optimized variants. Other recent

works [2, 51, 54] explore NVSHMEM-based collective optimiza-

tions for all-to-all communication in EP deployments, which are

orthogonal to NVRAR’s optimizations for TP all-reduce. Finally,

several works [17, 41] employ hierarchical communication patterns

for large bandwidth-bound messages typical of training workloads.

In contrast, we focus on inference workloads and target the latency-

sensitive small message regime.

7 Conclusion
In this work, we conduct a detailed performance study of model-

parallelism schemes for multi-node LLM inference workloads. We

compare the performance of Tensor Parallelism (TP) and Hybrid

Parallelism (TP+PP) across batched inference workloads and iden-

tify the scaling bottlenecks for each strategy. Focusing onworkloads

that favor TP, we observe severe communication bottlenecks arising

from sub-optimal NCCL all-reduce performance for small message

sizes. Motivated by this, we develop NVRAR, a hierarchical all-

reduce implementation built using NVSHMEM. We make several

key optimizations in NVRAR to reduce latencies for small-message
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all-reduce operations. Compared to NCCL, NVRAR achieves 1.06×–
1.92× lower latency on Slingshot and 1.14×–3.57× on InfiniBand for
256 KB–2MB messages. Integrated into YALIS and vLLM, NVRAR

significantly improves multi-node TP inference for large dense and

MoE models on realistic workloads.
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A Extended Performance Study Results
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Figure 11: Strong scaling performance of different infer-
ence engines on Perlmutter for the Llama 3.1 70B (top) and
405B (bottom) models, for the decode-heavy workload with
NumPrompts = 32. The Y-axis denotes the time to completion
for a batch of prompts in seconds and the X-axis denotes the
number of GPUs.

Figure 11 presents the strong scaling performance of different

inference engines on Perlmutter for the Llama 3.1 70B and 405B

models, for the decode-heavy workload with NumPrompts = 32.

We observe that vLLM V0 (HP) (black line) scales poorly for both

the 70B and 405B models. Both TP and HP scale poorly, with total

time increasing as the number of GPUs increases for the 70B model

(top). Unlike vLLM V0 (HP), SGLang (HP) has runtimes closer to

the TP configurations for the 70B model, but it still scales poorly.

This closely matches our observation in the main text.

B Reconciling Microbenchmark and
End-to-End Performance

In this section, we resolve the discrepancy observed in the speedup

of NVRAR over NCCL all-reduce in the standalone benchmark

compared to the end-to-end workload. For the standalone bench-

mark, we launch communication kernels back-to-back, in a single

CUDA Graph, without any computation work in between. This is

not representative of the real-world use cases where collective com-

munication operations are interleaved with computation. Figure 12

Figure 12: NSYS profile snapshots of the NVRAR kernel in
the microbenchmark setup (left) and YALIS (right).
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Figure 13: All-reduce time breakdown of NVRAR and NCCL
for a 128KB message on Perlmutter (16 GPUs), with and
without interleaved matmul computation.

illustrates an example YALIS trace where the all-reduce operation

is followed by several matmul and compute kernels. We account for

this difference by running synthetic matrix multiplications between

the all-reduce calls in our standalone benchmark.

Figure 13 breaks down the 128KB all-reduce microbenchmark

on Perlmutter (16 GPUs) for NVRAR and NCCL, without and with

an interleaved representative matmul. Without matmul, NVRAR

spends a large fraction of time in synchronization. With interleaved

matmuls, the synchronization costs are hidden by the matmul com-

putation due to the deferred peer-wise synchronization strategy of

NVRAR.

C Extended NVRAR Evaluation
This section presents an extended evaluation of NVRAR’s perfor-

mance, both as a standalone collective against NCCL in microbench-

marks and as part of tensor-parallel inference workloads in YALIS

and vLLM.

C.1 Impact of Chunk Size and Block Size on
NVRAR Performance

We demonstrate that the hyperparameters — block size (𝐵𝑠 ) and

chunk size (𝐶𝑠 ) — have a significant impact on the performance

of NVRAR. To tune these hyperparameters, we run NVRAR with

different values of 𝐵𝑠 and 𝐶𝑠 for different message sizes and node

counts. Table 5 reports the performance of NVRAR with four dif-

ferent hyperparameter configurations for an all-reduce message

size of 1024KB on 16 GPUs. We observe that the performance is
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Figure 14: Performance comparison of NVRAR and NCCL all-reduce on Vista. (Left) Scaling of NVRAR and NCCL all-reduce
for 256KB and 1024KB messages across GPU counts. (Middle, Right) Speedup of NVRAR over NCCL all-reduce with the NCCL
algorithm fixed to Tree and Ring, respectively, across message sizes and GPU counts.

more sensitive to changing the chunk size (𝐶𝑠 ) than the block size

(𝐵𝑠 ). This validates our design choice of keeping these hyperpa-

rameters tunable. We also observe that chunking large messages

within each block improves performance, with smaller chunk sizes

outperforming some larger chunk sizes. We leave heuristic-based

hyperparameter tuning to future work.

Table 5: Different NVRAR hyperparameter configurations
for an all-reduce message size of 1024KB on 16 GPUs.

Block Size (𝐵𝑠 ) Chunk Size (𝐶𝑠 ) Time (ms)

32 32768 0.1522 ms

32 4096 0.2271 ms

8 16384 0.1891 ms

8 131072 0.1655 ms

C.2 Phase-Wise NVRAR Breakdown
Figure 13 also presents the breakdown of the time spent in each

phase of NVRAR. For the 128KB message size, we observe that

most of the time is spent in the inter-node recursive-doubling phase.

This is expected as the communication happens on the slower

Slingshot/InfiniBand network, as compared to the intra-node phases

that happen on the faster NVLink network.

C.3 Comparing NVRAR and NCCL All-reduce
In this section, we present additional microbenchmark results on

Vista and studies that isolate the impact of NCCL’s algorithm selec-

tion and library version on the observed speedups.

C.3.1 Scaling Results on Vista. Figure 14 (left) reports the all-

reduce microbenchmark performance for 256 KB and 1024 KB mes-

sages on Vista, complementing the Perlmutter results in the main

text (Figure 6). NVRAR scales similarly on both platforms and out-

performs NCCL across all GPU counts.

C.3.2 NCCL Algorithm Selection. To ensure that NVRAR’s per-

formance gains are not an artifact of NCCL’s automatic algorithm

selection, we force NCCL to use the Tree and Ring algorithms in-

dividually and compare against NVRAR. Figure 14 (middle, right)

reports the results on Vista. NVRAR remains faster than NCCL

across the GPU range and message sizes for both algorithms, con-

firming that the speedups reported in the main text are not an

artifact of NCCL’s algorithm selection.
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Figure 15: All-reduce scaling of NVRAR against two NCCL
versions (2.27.3 and 2.28.9) on Perlmutter for 256KB and
1024KB messages.

C.3.3 Comparison Across NCCL Versions. The microbenchmark

results reported in the main text use NCCL 2.27.3. Figure 15 com-

pares its all-reduce performance against NCCL 2.28.9 (shipped with

the latest PyTorch 2.11) on Perlmutter, alongside NVRAR. The two

NCCL versions track each other closely across all GPU counts and

both message sizes, and NVRAR retains its speedup over both. This

confirms that the speedups reported in the main text are not limited

to the specific NCCL version we evaluated against. While newer

NCCL versions have several performance improvements, most of

the all-reduce optimizations are targeted towards homogeneous

NVLink-connected systems (intra-node or multi-node NVLink sys-

tems) and are orthogonal to NVRAR’s optimizations for heteroge-

neous networks.

C.4 Multi-node Inference Evaluation
In this section, we present the extended performance evaluation

when using NVRAR with YALIS and vLLM in multi-node inference

settings to complement the results in Section 5.
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C.4.1 Batched Inference Performance on Vista. Figure 16 reports
the relative speedup of YALIS (TP) using NVRAR all-reduce over

YALIS (TP) using NCCL all-reduce for the decode-heavy workload

on Vista. We observe that for the 70B model, NVRAR achieves a

speedup of 1.92× for NumPrompts=32 on 16 GPUs. This is consis-

tent with our observation on Perlmutter in the main text, validating

that NVRAR provides performance benefits on both Slingshot and

InfiniBand networks.
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Figure 16: Relative speedup of YALIS (TP) using NVRAR
all-reduce over YALIS (TP) using NCCL all-reduce for the
decode-heavy workload on Vista.

C.4.2 BurstGPT Trace Details. Figure 17 presents input sequence
length and output sequence length distributions for the BurstGPT

trace used in the trace-based performance evaluation (Figure 9).

Table 6 provides the details of the vLLM benchmark configuration.
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Figure 17: Input sequence length and output sequence length
distribution for the BurstGPT trace (1,000 prompts).

C.4.3 Evaluation on Decode-heavy Trace. In addition to BurstGPT,

we evaluate on a randomly generated decode-heavy trace with

mean input and output sequence lengths of 1024 and 4096, respec-

tively. We use the same vLLM benchmark settings as in Table 6.

Figure 18 reports the output throughput of NVRAR-based TP,

NCCL-based TP, and HP for the decode-heavy trace. We observe

Table 6: vLLM benchmark settings for trace-based perfor-
mance evaluation.

Setting Value

Concurrency 32, 256

Number of Prompts 1,000

Configured Request Trace 10 requests/second

Burstiness 2.0 (Gamma distribution)
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Figure 18: Output throughput on a randomly generated
decode-heavy trace when serving the 70B model on Perlmut-
ter with vLLM. We compare NCCL-based TP, NVRAR-based
TP, and HP deployments under two maximum request con-
currency settings (𝐶=32 and 𝐶=256).

that in this case, NVRAR-based TP outperforms NCCL-based TP

by 1.11×–1.52× and HP by 1.16×–1.48× across these settings, and

outperforms the best NCCL-based deployment by 1.11×–1.28×.
These are higher than the speedups observed on the BurstGPT

trace (Figure 9). This is expected, as NVRAR is more beneficial

in the decode phase, with small to medium message sizes. This is

consistent with our batched inference performance evaluations.
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