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AI is everywhere

Chatbots

Assisted driving

Scale of AI training is growing fast

Healthcare

Exponential 
growth

[“Multibody Models Generated from Natural Language.” Multibody System Dynamics ’24]

Large-scale AI training tasks are typically distributed 
across multiple machines

2



Efficient network communication
is critical

Network bandwidth is a major 
bottleneck

[“AI and Memory Wall” IEEE Micro ‘24][“SwitchML Scaling Distributed Machine Learning with In-Network Aggregation” NSDI ‘21]
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Collective operations are BW-inefficient

Distributed AI training
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“Multicast is not scalable”
Computing the optimal multicast is NP-hard Existing proposals cause state explosion

• Naïve multicast requires 264 rules in a 64-
ary fat-tree

• Compression-based mechanisms (e.g.,
RSBF) create >100% packet header 
overhead in 32-ary fat-tree

• On-demand approaches (e.g., Orca) create 
multi-millisecond delay

[“ESM: Efficient and Scalable Data Center Multicast Routing” 
ToN ‘11]

L1 L2 L3L0

A B C D E F G H

S0 S1

[“Achieving High Efficiency for Datacenter Multicast using 
Skewed Bloom Filter.” ICPP ’24]

[“Orca: Server-assisted Multicast for Datacenter Networks.” 
NSDI ’22]
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[“Achieving High Efficiency for Datacenter Multicast using 
Skewed Bloom Filter.” ICPP ’24]

[“Orca: Server-assisted Multicast for Datacenter Networks.” 
NSDI ’22]

Layer-peeling greedy 
algorithm

𝑩𝒐𝒖𝒏𝒅𝒆𝒅 𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑖𝑜𝑛

𝑷𝒐𝒍𝒚𝒏𝒐𝒎𝒊𝒂𝒍 𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒

Power-of-two prefix 
aggregation

From 4 billion to only 31 rules
< 8 B per packet overhead

PEEL



Peeling complexity one layer at a time
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𝑶 𝐦𝐢𝐧 𝑫, 𝑭 − 𝒂𝒑𝒑𝒓𝒐𝒙𝒊𝒎𝒂𝒕𝒊𝒐𝒏

D: number of destinations
F: number of hop layers -- length of longest shortest path

Peeling complexity one layer at a time

F is typically small in Clos networks
The obtained multicast tree is near-optimal
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• AI job placement is bin-packed
• Switch state overhead can be significantly reduced using power-

of-two-prefix rules
• Changing switch state requirement from exponential to linear
• 32-ary fat-tree: number of states reduces from 4 billion to 31
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PEEL outperforms state-of-the-art techniques

…

…

…

…
…

…

𝑝
𝑜
𝑑
0

𝑝
𝑜
𝑑
𝑘

8-ary fat-tree

Switch

Server

8 GPUs/machine
900 GBps NV-Links

A

A

A

AGPU1

GPU2

GPU3

Broadcast

64
 N

od
es

0.01

0.1

1

10

100

1000

2 8 32 128 512 2048

M
ea

n 
C

C
T

 (m
s)

Message size (MB)

Binary Tree

Ring

Orca

PEEL

Optimal

PEEL accelerates Broadcast by up to 77x 
compared to other baselines 

15



PEEL achieves:

Linear switch state requirements
Small packet header overhead
Up to 77x performance benefit

Open research avenues:
• Multicast x Transport
• Multicast x Heterogeneity

Takeaway: Multicast is scalable

PEEL: Prefix-
Encoded Efficient 

Layering

Layer-peeling 
greedy algorithm

Prefix 
aggregation

𝐵𝑜𝑢𝑛𝑑𝑒𝑑 𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑖𝑜𝑛 Linear switch state overhead
Small packet header overhead
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