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Why Study Multi-node LLM Inference?

® GPU CIUSterS Come in different Shapes and fOrmS. GPUs per node — US GPU-based supercomputers

(TOPS00 List, Mov 2025)

e Single node: GPUs in the same compute tray usually
sharing a high b/w network like NVLink.

GPUs / node

2 GPUs/inode
4 GPUs/node
& GPUs/node
B8 GPUs/node

| & GPUs/node

e With growing model size, inference spills beyond a
node — need model parallelism.

e | lama 3.1 405B and Qwen3-235B-A22B require > 16
80GB A100s for inference (4 nodes with 4 GPUs per
node).

NVLink 100 GB/s

HPE Slingshot-11 25 GBIs

e Gap: Existing inference performance studies ar
optimizations largely focus on singe-/two-node
settings.
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Multi-node Model Parallelism

. =
— -'-| D-hh-l-:t:ll'ht-i-l-.l.l-r-ﬁ.l-n-l-'- _—

Tensor Parallelism (TP) _ Pipeline Parallelism (PP)
Splits the computation of a single layer across GPUs Splits contiguous layers across devices
All-reduce communication Point-to-point communication

* Hybrid Parallelism (HP): TP within a node and PP across nodes.

* Most inference frameworks use pure TP or HP for multi-node model
parallelism.

Motivation & . . .
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Multi-node Inference Performance

Study

We conduct a study comparing HP vs TP multi-node inference deployments.

e Batched Inference Workloads: One batch of prompts completes before the the next
batch is submitted.

Strong scaling: Fixed workload with increasing GPU count.

Models Llama 70B, 405B
Workloads Prefill-heavy (ISL=2363, OSL=128), Decode-heavy (ISL=1426, 6 out of 10 TOP500
OSL=3072) Supercomputers
Frameworks YALIS, vLLM (v0.11), SGLang (v0.5.1) / use this
Interconnect

Machine Perimutter: 4x A100/node, NVLink intra-node, Slingshot-11 inter-node

YALIS (Yet Another LLM Inference System): Prototype inference engine
developed for easier instrumentation.

Multi-node Inference . . .
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Scaling Results

Strong Scaling Expectation: With increasing GPU count, time per batch decreases.

o) ey (TUE, DIMPrompts = 32 0, Decode-heavy (70B, NumPrompts = 8)
] — _____.——-i_.I
157 "-'-"'““h'-:.',!:""1'----|r..JI .......... - RRELEL L
o gt -I---|.+..__*_ ___________ *

5- —@— YALIS(TP) -4~ vLLM (HP)

-4 vLLM (TP)
D_. 4|.l ...................... é ...................... IJE .................. 311
MNumber of GFUs MNumber of GFUs
L TP and HP do not scale ideally! Decode-heavy workloads favor TP
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Performance Bottlenecks

Frefill-heawy Decode-heavy
MNumPrompts = 32 MumFPrompts = 8
20 200 -
BN Macmul E Ocher Comp. B Comm. T [dle
|50+
| 00
50
0 0
TP HF TP HF TP HFP TP HF
8 GPUs |6 GPUs B GPUs 16 GPUs
2 Nodes 4 Nodes 2 Nodes 4 Nodes
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Performance Bottlenecks

e Prefill-heavy. Computation time

Frefill-heawy Decode-heavy
decreases for both TP and HP hg. NumPrompts =32 - NumPrompts = §
when scaling from 8 to 16 GPUs. EESS Marmul S Ocher Comp. BB Comnm. BEE |die

|50+

. | ) -
TP HP TP HP TP HP TP HP
8 GPUs 16 GPUs 8 GPUs |6 GPUs
2 Nodes 4 Nodes 2 Nodes 4 Nodes
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Performance Bottlenecks

e Prefill-heavy. Computation time

Frefill-heawy Decode-heavy
decreases for both TP and HP hg. NumPrompts =32 - NumPrompts = §
when scaling from 8 to 16 GPUs. BES Macmul BN Other Comp. BEEM Comm. NN |dic

e Decode-heavy: Compmajig%timd%w 5T
decreases only for TH ¢

. 0.6

E

w 0.4

E

—
072 : 0 -

TP HP TP HP TP HP TP HP

00 8 GPUs & GPUs BGPUs |16 GPUs
' 2 Nodes 4 Nodes 2 Nodes 4 Nodes

Array dimensions (M, K)
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Performance Bottlenecks

e Prefill-heavy: Computation time prefill-heavy Decode-heavy
decreases for both TP and HP hg. NumPrompts =32 - NumPrompts = §
when scaling from 8 to 16 GPUs. BES Macmul BN Other Comp. BEEM Comm. NN |dic

e Decode-heavy:. Computation time 1507

decreases only for TP. 100 -

e TP has high communication
overhead for both workloads, but

the compute reduction makes it " : 0 :
scale better for decode-heavy 8 Pl 1€ GPLI 2 GPU 16 GPLIe

workloads. 2 Nodes 4 Nodes 2 Nodes 4 Nodes

Multi-node Inference . . .
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Communication Issues in TP

Scaling NCCL and MPI all-reduce (Perlmutter)

. i - 0.5
* Focus: Decode-heavy regime, where W NCCL (512 KB o
TP is more advantageous. 04 M CrayMPICH (512 KB} T
"7 | == Cray-MPICH {128 KB) o
e All-reduce message sizes: T o o Nectunke R
EY e —
o Prefill » ~10 MB — 100 MB z O T L ’
E02F— g ....:__._...l ..................
e Decode » ~10 KB — 1 MB W;,_..--""'
0.1 s
. --'""'--P'
_ 4 ] | & 32 64 128
nodes for decode phase message sizes MNumber of CPL s

NG
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NVRAR: Optimizing All-reduce Communication

For small message all-reduce, NCCL uses Ring/Tree all-reduce vs. MPICH uses Recursive-
doubling.

* MPI implementations are not CUDA-graph friendly and not optimized over NVLink.

* Need an approach that is best of both worlds.

e NVRAR: NVSHMEM-based Recursive-doubling All-reduce

* Hierarchical Design + low-latency optimizations; Compatible with CUDA-graphs.

Phate I lnoryaade Reduce-Jcamer : Mhase & Imer-rade Hecursive:Dousbng All-reduce | Pragse I nma-node Al garher
el b e Al s Emi f=mo Emi hom - e i s s : fpm b Fama izm. FEmi iewe dew Em i
! B e | | 7 ‘! : W I_-.-.:! J bl-:'il_ il . |l il i i d
D E el e |l o ¢ : .‘.-n.-l:-! [;:.ih \-l:l.r.'l.r H £ , ‘ﬂ-l:l-l ;.un:.:ul _n.l:!l:'u:l.l:la
—l:rl-.l. "_H .—'.l—l .|_ - ey : S - L .-.l'.J K : o |':_ _|I_|_ _....' —_
panl | inl 4 il [ind |'!|':"|; : — U - : I.'!I.I.‘-’;'} | loud | ol o] |
I-l--l-l—l—l-'.l.'.l-u ;,—.% ) _— : : e i g e |I-rr-.! -|-r|-II.l_|.r|
i Ir|:I| h:, ir ‘l:.;..u:i . \ L\ . i-:-ll:l -:.ﬂ.-.:-..l:z a:-.nl.:ll|-:-ﬂ

....:.-"I e l..'_....'.-..-..il
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Low Latency Optimizations

A Fused data and flag payload (NCCL's LL Protocol) to avoid explicit peer sync

Inter-node put latency (1 nodes)
8 Byte Payload 300

: Z == put_latency '
DO DI D2 D3 FO FlI F2 F3 250 - * ik * put_ping_pang / 2 I
— Ty - =B put_signal_ping_pong / 2 !
Data Bytes Flag Bytes _ 2007 /
=
e NVSHMEM’s explicit signaling APl is slow  § "*°
on Slingshot network due to software 3 oo
fences e [ i~ i e e a-"
> 2X I
*—a——a
’ | 4 | & 64 356 | 024 40546
Message size (KB)

B . Chunked Non-blocking Communication

* Parallel thread-blocks and chunked non-blocking puts enable coarse-grained compute-
comm overlap

Optimizing All-
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Low Latency Optimizations

(C .Deferred synchronization between successive all-reduce calls without a

barrier
Standard N[EPYI-XeRNE - All-reduce Op 2 " Peers Complete All-Reduce
All-reduce Peer
l Global Barrier l Sync

WVl All-reduceOp 1 W

e Blocking synchronization at the start of an
operation and no barrier at the end

e Once a rank has it's copy of the globally
reduced data, it can start compute

e Only synchronize with peer ranks, no
global synchronization

Optimizing All-

| All-reduce Op 2

All-reduce Breakdown

B Matmul
Reduce-scatcer

All-reduce
All-gather
sync+Pack

MNYVREAR
With Matmul

MCCL

MNYRAR
Mo Matmul

MNOCL
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NVRAR Speedup over NCCL All-reduce

Speedup of NVRAR over NCCL all-reduce (Perlmutter) speedup of NVRAR over NCCL all-reduce (Vista)
5 20 EERECANENECS ] o 1
PRI x| v | oo e | ise | SEMMMRUOYMEN 2. | s | s ok SER
; oo ERNCANCENE 5 |5 m--- | s
'E 256 106 117 112 L4 | S 256 .14 -

6 5.4- 06 5 Tl 108
128 2 4 8 6 32
H”""—"E" ':'f GFU5 Mumber of GPUs
Perlmutter — 4 A100s per node, Slingshot-11 Vista — 1 GH200 per node, InfiniBand

L NVRAR achieves lower latency than NCCL all-reduce on both Slingshot & IB
networks
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Improving Multi-node TP Inference

A Batched Inference Speedups over NCCL-based

TP
5 00 _TALIS (TF) Speedup with NVRAR (405B)
o | 1.72
ﬁ |.75 Y .
o
Wi | 50+ 143
o]
2
< 1257117 I
o
|.00F . :

=8 #P=32 =8 #P=3l =8 #F=32
|6 GPUs 32 GPUs 64 GPUs

Decode-heavy Workload

Using NVRAR can significantly speedup batch
times for multi-node TP inference

.

PISISIGIN

B. VvLLM Throughput Improvements for Online

Workloads
5000 vLLM Throughput on Decode-Heavy Trace (70B)
%‘“ BE HP BN TF (NCCL) B TP (NYRAR)
o
= 500+
-
A
. -
g 1000
o =
—
3 500
5
O
0 C=31 C=156 C=31 C=256
8 GPUs |6 GPUs

Decode-heavy Trace: Mean ISL =1024, Mean OSL = 4096

Integrated into vVLLM, NVRAR improves online
serving throughput over best parallel

N configuration

16 Prajwal Singhania



Improving Multi-node TP Inference

(C .Applicability to MoE models

vLLM Throughput on BurstGPT (Qwen3-235B-A22B) e MoOE models use Expert Parallelism
for the expert layers.

200

o |

L

£_d
I

e Non-expert layers are either TP

=

&

S 600 -

o sharded or DP (data parallel)

0

3 B0 mal sharded

- BEEE EP|6-TP4xDP4-PP| (NCCL

t 300+ B EP4-TP4xDP|-PP4 {LEEL}} N EP_ de_c?\rlee = TP deqree x DP _de_q_ree

A i - Using NVRAR for TP sharding in the

2 e - EP16-TP16%DPI-PPI (NCCL) . " 9 MOE

. BN EF16-TPI6<DP1-PPI (NVRAR) non-expert layers speedas up vio
0 M eSO | LDIE[E_DCE

C=32 C=128
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Summary

e Compare HP vs TP in multi-node inference deployments.
e Develop YALIS — an open and easy-to-instrument prototype inference engine.
* Findings:

* TP and HP don't scale ideally.

* Decode-heavy workloads favor TP but communication is the dominant bottleneck.

* NCCL all-reduce scales poorly across nodes.

Optimizing TP Communication

e NVRAR: NVSHMEM-based recursive-doubling all-reduce with low-latency
optimizations.

Evaluation
e Significant throughput improvements over NCCL-based TP & HP when integrated into




o github.com/hpcgroup

u youtube.com/@hpc group

x.com/hpc group

pssg.cs.umd.edu
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