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Motivation: Different Communication Algorithms and Network Architectures 
Shape Network Efficiency
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Different comm. algorithm for All-Reduce primitive
Different network architecture for 

LLM training workload

Ring Algorithm 
(reduce-scatter+all-gather)
• GPU would receive redundant data
• Inefficient implementation

In-network Computing 
(in network reduce+broadcast)
• GPU receive final reduced result
• Efficient implementation

• Torus arch.: efficient for adjacent comm., but
less suitable for imbalanced workloads

• Rail-optimized arch.: efficient for imbalanced 
workloads, but may incur multi-hop forwarding

Question: Can we define metric to quantify network efficiency for LLM training?
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Requirement: Defining a Meaningful Efficiency Metric

Requirement 1 | Distinguishing 
Computationally Effective Data 

• Not every byte advances computation.
• Metrics should measure “effective” data.

Requirement 2 | Characterizing architecture –
traffic fit

• Training traffic is sparse and non-uniform.
• Metrics should characterize topology–traffic fit.
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Requirement 3 | Being diagnostic
• Pinpoint the source of inefficiency.
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ࣁ =
ܜܖ܍ܕ܍ܚ܋ܖܑ ܉ܜ܉܌ ܍ܞܑܜ܋܍܎܎܍ ܡܔܔ܉ܖܗܑܜ܉ܜܝܘܕܗ۱ ⁄ࢀ

ܡܜܑ܋܉ܘ܉܋ ܏ܖܑܐ܋ܜܑܟܛ ܔ܉ܜܗ܂ =
∑Δ஽/ܶ

∑ܴ௣

Switching Efficiency (ࣁ): measuring computationally effective data throughput per 
provisioned switching capacity

Effective data increments associated with 
different communication primitives

Illustrative aggregate switching capacity in a two-tier 
AIDC network

Value to 
measure
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C_TOTAL × T
Theoretical egress capacity

θ  Port Utilization

δ  Routing Efficiency

γ  Data Efficiency

V_EFFECTIVE
Computational effective data (CED) on GPUs

δ  Routing Efficiency

Forwarding required to 
deliver data to endpoints

Diagnostics: 
detours; 
retransmission; 
topology–traffic 
mismatch

V_FORWARD
Forwarded egress data by switches

V_RECEIVE
Successful ingress data for GPUs

θ Port Utilization

Switching capacity 
used during T

Diagnostics:
idle ports; 
capacity-distribution 
mismatch

γ  Data Efficiency

Received data 
converted to CED

Diagnostics: 
redundancy; 
unreduced data; 
protocol overhead

Breakdown: Decomposing ࣁ supports diagnosis of data, routing, and port-
utilization efficiency

ࣁ =
∑Δ஽/ܶ

∑ܴ௣
=

∑ ∫ ࢖ࢌ ࢚ ࢀ࢚ࢊ
૙
∑ܴ௣ࢀ

⋅
ࢍࡰ∑

ܞ܋܍ܚ
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૙

⋅
∑ઢࡰ

ࢍࡰ∑
ܞ܋܍ܚ = ࣂ ⋅ ࢾ ⋅ ࢽ

=
ࡰࡾ࡭ࢃࡾࡻࡲࢂ
ࡸ࡭ࢀࡻࢀ࡯ × ࢀ

⋅
ࡱࢂࡵࡱ࡯ࡱࡾࢂ

ࡰࡾ࡭ࢃࡾࡻࡲࢂ
⋅

ࡱࢂࡵࢀ࡯ࡱࡲࡲࡱࢂ
ࡱࢂࡵࡱ࡯ࡱࡾࢂ

Value to measure
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ߟ quantifies the efficiency gap; its decomposition shows where efficiency is lost
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NS-3 AllReduce efficiency metrics across 16–128 GPUs
8 GPUs/server with NVSwitch; 3,600 Gb/s GPU–NVSwitch and 400 

Gb/s inter-server comm. via a single switch (DGX H100 configuration)

What ࣁ ࣂ , , and ࢽ reveal beyond Algbw：

• ߟ — Shows each algorithm’s remaining gap 
to the network’s ideal AllReduce performance

• ߠ and ߛ
 Show whether ߟ is limited by unused 

switching capacity or by received data that 
does not become effective

 reveal why some algorithms achieve 
higher algorithm bandwidth than others

• Experiment with ForestColl — A declining ߠ
reveals underused switching capacity as GPU 
scale increases
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Different network design choices affect ࢾ ,ࢽ, and ࣂ differently

θത vs. bandwidth-allocation ratio
（Dense model）

,ߠ̅ ̅ߜ vs. server size
（MoE model）

Gains in ̅ߛ与 ߟ̅ with INC
（Dense model）

 Appropriate bandwidth 
allocation can improve ߠ in 
3D-Torus
:ߠ̅) 0.32 → 0.57)

 Larger servers can improve ߠ
and ߜ for MoE training on Rail-
Optimized network
:ߠ̅) 0.21 → 0.58, :̅ߜ 0.41 → 0.99)

 In-Network Computing 
effectively improve ߛ for 
Dense-model training
:ߛ̅) 0.64 → 0.99)
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Dense and MoE model training workload reveal ࢾ ,ࢽ, and ࣂ limits

D
ense m

odel

M
oE

m
odel

• Data Efficiency (ࢽ) — Redundant data reception is an important communication-efficiency bottleneck
• Routing Efficiency (ࢾ) — MoE All-to-All traffic poses a major Routing Efficiency challenge in current 

network architectures
• Port Utilization (ࣂ) — Rail-Optimized shows higher ߠ in this evaluation, while MoE workloads remain 

challenging

Large scale evaluation: 4,096-GPU simulation comparing 3D-Torus and Rail-Optimized. Each point is one simulated parallelism-
configuration experiment: Dense varies TP degree from 1 to 8; MoE varies EP degree from 2 to 128.
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From an individual draft to interoperable IPPM work
Summary
• ߟ — How large is the efficiency gap?
• ࣂ and ,ࢾ ,ࢽ — Why does the gap occur?

- :ࢽ data-related loss
- :ࢾ routing-related loss
- :ࣂ capacity-utilization loss

Question
• How to design representative workloads to make Switching Efficiency results 

meaningful?
• How can the required measurements be collected conveniently and reproducibly?

Our draft
• draft-ye-ippm-switching-efficiency-02
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