
Ƨ7Å ÃÁÎÎÏÔ ÄÉÒÅÃÔ ÔÈÅ ×ÉÎÄƗ 
ÂÕÔ ×Å ÃÁÎ ÁÄÊÕÓÔ ÔÈÅ ÓÁÉÌÓƚƨ
(Folklore)

Revolutionizing Datacenter 

Networks via Reconfigurable 

Topologies

Stefan Schmid (TU Berlin)

Acknowledgements:



$ÁÔÁÃÅÎÔÅÒÓ ƽƧÈÙÐÅÒ- scale ƨƾ

Traffic
Growth

S
o

u
rc

e
: 

F
a

ce
b

o
o

k

Interconnecting networks:  

a critical infrastructure

of our digital society.

+network

We live in the age of

Distributed Computation

1



$ÁÔÁÃÅÎÔÅÒÓ ƽƧÈÙÐÅÒ- scale ƨƾ

Traffic
Growth

S
o

u
rc

e
: 

F
a

ce
b

o
o

k

Interconnecting networks:  

a critical infrastructure

of our digital society.

+network

We live in the age of

Distributed Computation

1

Credits : Marco Chiesa



2

Technological Trends
Increasing Gap Between Compute and Network

Credits: Nicola Calabretta



The Problem
Huge Infrastructure, Inefficient Use

ᶌ Hence: more equipment, 

larger networks

ᶌ Resource intensive and:

inefficient

Annoying for companies,

opportunity for researchers!
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An Inefficiency
Fixed and Demand - Oblivious Topology

How to interconnect? Focus on this talk: scale - out network .
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ᶌ Example: fat - tree topology ( bi - regular ) 

ᵪ 2 types of switches: top - of - rack ( ToR) connect to hosts, 

additional switches connecting switches to increase throughput

4
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ᶌ Example: expander topology ( uni - regular ) 

ᵪ Only 1 type of switches: 

lower installation and management overheads

An Inefficiency
Fixed and Demand - Oblivious Topology



Many flavors , but in 

common: fixed and oblivious 
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Highway which ignores 

actual traffic: frustrating!
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A Vision
Flexible and Demand - Aware Topologies
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A Vision
Flexible and Demand - Aware Topologies

1 2 3 4 5 6 7 8
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Analogy

Golden Gate Zipper
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The hypothesis : can 

be exploited.

Empirical studies: 

so
u

rc
e
s

destinations

Facebook
s
o
u

rc
e
s

destinations

Microsoft

traffic bursty over time

M
b
p

s

Facebook

Time (seconds)

traffic matrices sparse and skewed

The Motivation
Much Structure in the Demand
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Traffic is also clustered: bi - clustering results

Small Stable Clusters

r eordering based on
bicluster structure

Förster et al., Analyzing the Communication Clusters 
in Datacenters. WWW 2023

Opportunity: exploit with little reconfigurations!
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Sounds Crazy? 
Emerging Enabling
Technology.

H2020: 

ƧPhotonics one of only five

key enabling technologies

for future prosperity ƚƨ

US National Research Council: 

Ƨ0ÈÏÔÏÎÓ are the new

Electrons ƚƨ
Photonics

9



Enabler
Novel Reconfigurable Optical Switches

ᶌ Spectrum of prototypes
ᵪ Different sizes, different reconfiguration times 

ᵪ From our ACM SIGCOMMworkshop OptSys

Prototype 1

Moving antenna ( ms)

Prototype 2

Moving mirrors ( mus)

Prototype 3

Changing lambdas (ns)

10



Example
Optical Circuit Switch

ᶌ Optical Circuit Switch rapid adaption of physical layer
ᵪ Based on rotating mirrors

Optical Circuit Switch
By Nathan Farrington, SIGCOMM 2010

Lenses
Fixed

Mirror

Mirrors on Motors

Rotate Mirror

11



Another Example
Tunable Lasers 

Multi -
wavelength 

source

Wavelength
selector

ᶌ Depending on wavelength, forwarded differently

ᶌ Optical switch is passive

Ballani et al., Sirius, ACM SIGCOMM 2020.

Electrical switch

with tunable laser
Optical switch

Passive
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First Deployments
%ƚÇƚƗ 'ÏÏÇÌÅƦÓ Datacenter Jupiter
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The Big Picture

Flexibility

Structure

Efficiency
New!

More!

Self - Adjusting

Networks

Now is the time!
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The Big Picture

Flexibility

Structure

Efficiency
New!

More!

Self - Adjusting

Networks

Now is the time! Missing: Foundations of 

demand- aware, self -

adjusting networks.
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Unique Position
Demand- Aware, Self - Adjusting Systems

Everywhere, but mainly 
in software

Our focus in this talk: 
in hardware

vs
Algorithmic trading

Neural networks

Recommender systems

15



Question:

How to Quantify 
ÓÕÃÈ Ƨ3ÔÒÕÃÔÕÒÅƨ 
in the Demand?

16



Intuition
Which demand has more structure?

vs

ᶌ Traffic matrices of two different distributed 

ML applications

ᵪ GPU- to - GPU

vs
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vs
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More uniform More structure

vs
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Intuition
Spatial vs temporal structure

ᶌ Two different ways to generate same traffic matrix:

ᵪ Same non- temporal structure
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vsvs
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Intuition
Spatial vs temporal structure

ᶌ Two different ways to generate same traffic matrix:

ᵪ Same non- temporal structure

ᶌ Which one has more structure?

Systematically?

vsvs

17



Trace Complexity
Information - Theoretic Approach 

ƧShuffle&Compress ƨ

T
im

e

Original
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Trace Complexity
Information - Theoretic Approach 

ƧShuffle&Compress ƨ

Randomize rows Uniform

More structure ( compresses better )

Increasing complexity ( systematically randomized )

Original
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Trace Complexity
Information - Theoretic Approach 

ƧShuffle&Compress ƨ

Difference in size 
(entropy)?

Randomize rows UniformOriginal

Compress

Shuffle

Difference in size 
(entropy)?
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Trace Complexity
Information - Theoretic Approach 

ƧShuffle&Compress ƨ

Difference in size 
(entropy)?

Randomize rows UniformOriginal

Compress

Shuffle

Difference in size 
(entropy)?

Can be used to define 
2- dimensional 

complexity map ! 

18



bursty uniform

n
o

n
-
te

m
p
o

ra
l 
co

m
p

le
xi

ty

temporal complexity

Our Methodology

Complexity Map

No structure

bursty & skewed
skewed

Our approach : iterative 

randomization and 

compression of trace to 

identify dimensions of 

structure.
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Our Methodology

Complexity Map

Our approach : iterative 
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compression of trace to 

identify dimensions of 
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Further Reading

ACM SIGMETRICS 2020
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The Natural Question:

Given This Structure, 
What Can Be Achieved? 
Metrics and Algorithms?

A first insight: entropy of the demand.

21



Insight:

Connection to 
Datastructures

Traditional BST Demand- aware BST Self - adjusting BST

More structure: improved access cost
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Insight:

Connection to 
Datastructures & Coding

Traditional BST
(Worst - case coding)

Demand- aware BST
(Huffman coding)

Self - adjusting BST
(Dynamic Huffman coding) More than 

an analogy!

Reduced expected route lengths !

entropy
rate?

entropylog n

entropy
rate?

entropylog n

Generalize methodology:

... and transfer 

entropy bounds and 

algorithms of data -

structures to networks. 

First result: 

Demand- aware networks 

of asymptotically 

optimal route lengths. 

21
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ᶌ Idea for algorithm:
ᵪ Union of trees

ᵪ Reduce degree

ᵪ But keep distances

ᶌ Ok for sparse demands
ᵪ not everyone gets tree 

ᵪ helper nodes

Entropy Upper Bound

24



ᶌ Idea for algorithm:
ᵪ Union of trees

ᵪ Reduce degree

ᵪ But keep distances

ᶌ Ok for sparse demands
ᵪ Not everyone gets tree 

ᵪ Helper nodes

Entropy Upper Bound

24



Entropy Upper Bound

Gives upper 

bound of 

conditional 

entropy*

*O(H(X|Y)+H(Y|X)
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Entropy Upper Bound

Gives upper 

bound of 

conditional 

entropy*

Matching 

lower bound 

for sparse 

demands!

Tight for 
sparse 
demands!

*O(H(X|Y)+H(Y|X)



Related Problem:

Virtual Network 
Embedding Problem (VNEP)

Embedding?

Example =2: A Minium Linear 

Arrangement ( MLA) Problem

ᵪ Minimizes sum of virtual  

edges

25
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Related Problem:

Virtual Network 
Embedding Problem (VNEP)

Example =2: A Minium Linear 

Arrangement ( MLA) Problem

ᵪ Minimizes sum of virtual  

edges

MLA is NP- hard

ᵪ ƛand so is our problem !

But what about >2?

ᵪ Embedding problem still hard

ᵪ But we have a new degree of

freedom !

Simplifies problem?!

25



ᶌ Idea to design demand - aware network:

ᶌ #ÈÏÏÓÅ Á Ƨuniversally ÇÏÏÄƨ host graph , e.g., an 

expander , in oblivious manner

ᶌ Optimally embed the demand matrix ( guest graph )

Remark

VNEP vs DAN Design?

26



ᶌ Idea to design demand - aware network:

ᶌ #ÈÏÏÓÅ Á Ƨuniversally ÇÏÏÄƨ host graph , e.g., an 

expander , in oblivious manner

ᶌ Optimally embed the demand matrix ( guest graph )

Remark

VNEP vs DAN Design?

ᶌ Expected path length can be ǥƽÌÏÇ log n) factor more     
than on the optimal host graph, for networks of size n.

26



Another Related Problem

Low Distortion Spanners

ᶌ Classic problem: find sparse , distance - preserving

(low - distortion) spanner of a graph

ᶌ But:

ᶌ Spanners aim at low distortion among all pairs ;     

in our case, we are only interested in the 

distortion between communication neighbors (in demand matrix)

ᶌ We allow auxiliary edges (not a subgraph): similar to 

geometric spanners

ᶌ We require constant degree

27



From Spanners to DANs

An Algorithm

ᶌ Yet, c an leverage the connection to spanners sometimes!

Theorem: If demand matrix is regular and uniform , and if we 

can find a constant distortion, linear sized (i.e., 

constant, sparse ) spanner for this request graph: then we 

can design a constant degree DAN providing an optimal 

expected route length (i.e., O(H(X|Y)+H(Y|X)).

r - regular and 
uniform demand:

Sparse, irregular 
(constant) spanner :

Constant degree 
optimal DAN(ERL 
at most log r ):

subgraph!

auxiliiary edges

28



From Spanners to DANs

An Algorithm

ᶌ Yet, c an leverage the connection to spanners sometimes!

Theorem: If demand matrix is regular and uniform , and if we 

can find a constant distortion, linear sized (i.e., 

constant, sparse ) spanner for this request graph: then we 

can design a constant degree DAN providing an optimal 

expected route length (i.e., O(H(X|Y)+H(Y|X)).

r - regular and 
uniform demand:

Sparse, irregular 
(constant) spanner :

Constant degree 
optimal DAN(ERL 
at most log r ):

subgraph!

auxiliiary edges

subgraph!

auxiliiary edges

Our degree reduction 
trick again!

Why optimal: 
in r - regular graphs, 
conditional entropy 

is log r.

28



Further Reading

Dist.Comp . 2020
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Further Reading

Dist.Comp . 2020

Also includes spanner result and other special graphs (e.g., 

bounded doubling dimension ). Open problem: dense demands.
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Further Reading

OPODIS 2024

VNEP vs DAN

30



Throughput of DANs?

Ὕ

Demand Matrix

Metric: throughput

of a demand matrix ƛ
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ƛ is the maximal scale

down factor by which

traffic is feasible 

π —Ὕ ρ.
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Throughput of DANs?
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Demand Matrix
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traffic is feasible 
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Metric: throughput

of a demand matrix ƛ
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Throughput of DANs?
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Demand Matrix

ƛ is the maximal scale

down factor by which

traffic is feasible 

π —Ὕ ρ.

Metric: throughput

of a demand matrix ƛ
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st at i c 
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r ot or  
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Kd
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swi t ches
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4ÈÒÏÕÇÈÐÕÔÏÆÎÅÔ×ÏÒËⱣᶻȡ
×ÏÒÓÔÃÁÓÅὝ

80

Definition 

extends to 

dynamic 

networks!

Abdu et al., SC 2016
Namyar et al., SIGCOMM 2021
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traffic is feasible 

π —Ὕ ρ.

Metric: throughput

of a demand matrix ƛ

1 2 3 4 5 6 7 8

Ks

st at i c 

swi t ches

Kr

r ot or  

swi t ches

Kd

demand- awar e 

swi t ches

ᵼ

4ÈÒÏÕÇÈÐÕÔÏÆÎÅÔ×ÏÒËⱣᶻȡ
×ÏÒÓÔÃÁÓÅὝ

81

T typically assumed to be doubly 

stochastic (entries sum to 1).

Worst T for different networks? 

Definition 

extends to 

dynamic 

networks!
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Throughput of DANs?

Ὕ —Ὕ

Demand Matrix

ƛ is the maximal scale

down factor by which

traffic is feasible 

π —Ὕ ρ.

Metric: throughput

of a demand matrix ƛ

1 2 3 4 5 6 7 8

Ks

st at i c 

swi t ches

Kr

r ot or  

swi t ches

Kd

demand- awar e 

swi t ches

ᵼ

4ÈÒÏÕÇÈÐÕÔÏÆÎÅÔ×ÏÒËⱣᶻȡ
×ÏÒÓÔÃÁÓÅὝ

82

T typically assumed to be doubly 

stochastic (entries sum to 1).

Worst T for different networks? 

Definition 

extends to 

dynamic 

networks!
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Worst T for Oblivious

83

ᵪ E.g., worst T for ( oblivious ) expander ?
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Worst T for Oblivious

Ὕ

Demand Matrix

1 2 3 4 5 6 7 8

st at i c- net

84

Permutation matrix 

is the worst demand

ᵪ E.g., worst T for ( oblivious ) expander ?
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Worst T for Oblivious

Ὕ

Demand Matrix

1 2 3 4 5 6 7 8

st at i c- net

85

Permutation matrix 

is the worst demand

ᵪ E.g., worst T for ( oblivious ) expander ?

ᵪ Actually the best T for demand- aware!

32



ᵪ Known: worst case throughput Ᵽ
ᶻ

of

demand- oblivious networks at most ½ ( tight )

ᵪ Due to Keslassy , Chang, McKeown, Lee.

ᵪ Best fixed graph: (2n - 1) regular, 

two links to every other node

Throughput:

Many Open Questions (1)

33

ᵪ For this graph , worst T is permutation

ᵪ Knowing the demand, each node pointing all

(2n - 1) links at its successor gives

perfect throughput 1



ᵪ Known: worst case throughput Ᵽ
ᶻ

of

demand- oblivious networks at most ½* ( tight )

ᵪ Due to Keslassy , Chang, McKeown, Lee.

ᵪ Best fixed graph: (2n - 1) regular, 

two links to every other node

* Same bound also holds

for dynamic oblivious networks

ᵪ For this graph , worst T is permutation

ᵪ Knowing the demand, each node pointing all

(2n - 1) links at its successor gives

perfect throughput 1

Throughput:

Many Open Questions (1)

33



ᵪ Unknown: worst case throughput of demand- aware networks ?

Can never be worse than demand- oblivious , but is it always

strictly better in the worst case as well ? 

ACM PODC 2026: The demand- aware throughput ʃ
ᶻ

asymptotically 

approaches at least 5/8 . But: A probabilistic method proof. 

Throughput:

Many Open Questions (2)

Input: A doubly stochastic demand matrix M and a number 0 Җ ʃҖ 1.
Question: Is there a graph G such that the throughput of G with respect to M is at least ʃ?

33



ᵪ More open questions , for dynamic hybrid datacenter networks

Addanki et al., arXiv 2025: 
https://arxiv.org/pdf/2405.20869

Addanki et al., Vermillion: 
https://arxiv.org/pdf/2504.09892

34

Dynamic and Hybrid Throughput

More Research Directions

https://arxiv.org/pdf/2405.20869
https://arxiv.org/pdf/2504.09892


Further Reading

ACM PODC 2026
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From Static to 
Dynamic Neworks

36



1 2 3 4 5 6 7 8

Typical rack internconnect : ToR- Matching - ToR (TMT) model

Optical Switches

92

Reconfigurable Datacenters in Reality: 

)ÔƦÓ ÁÂÏÕÔ $ÙÎÁÍÉÃ -ÁÔÃÈÉÎÇÓ
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1 2 3 4 5 6 7 8

Optical switches provide matchings ( - > bounded degree !)

ƛ

S1 S2 Sk

93

Reconfigurable Datacenters in Reality: 

)ÔƦÓ ÁÂÏÕÔ $ÙÎÁÍÉÃ -ÁÔÃÈÉÎÇÓ

37



Rotor switch: periodic matchings ( demand- oblivious )

time

M1 M2 M3 M1 M2 M3

Si:

94

Two Types of Reconfigurable Optical Switches

Periodically Rotating

38



Rotor switch: periodic matchings ( demand- oblivious )

time

M1 M2 M3 M1 M2 M3

Si:

95

Two Types of Reconfigurable Optical Switches

Periodically Rotating

Advantage/ disadvantage ?
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Rotor switch: periodic matchings ( demand- oblivious )

time

M1 M2 M3 M1 M2 M3

Si:

96

Two Types of Reconfigurable Optical Switches

Periodically Rotating

Advantage/ disadvantage ?

+  Direct connections

- Not always connected

- Reconfiguration delays

38



Demand- aware switch: optimized matchings

Si:

time

M1 M3 M2M2M1 M1

97

Two Types of Reconfigurable Optical Switches

Demand- Aware Dynamic

Advantage/ disadvantage ?

39



Demand- aware switch: optimized matchings

Si:

time

M1 M3 M2M2M1 M1

98

Two Types of Reconfigurable Optical Switches

Demand- Aware Dynamic

Advantage/ disadvantage ?

+  Direct optimized connections

- Not always connected

- Reconfiguration delays

- Optimization delays

39



Demand- aware switch: optimized matchings

Si:

time

M1 M3 M2M2M1 M1

99

Two Types of Reconfigurable Optical Switches

Demand- Aware Dynamic

Algorithms ?

39



Demand- aware switch: optimized matchings

Si:

time

M1 M3 M2M2M1 M1

100

Two Types of Reconfigurable Optical Switches

Demand- Aware Dynamic

Algorithms ?

ᵪ E.g., Birkhoff von     

Neumann Decomposition

ᵪ But does not support 

reconfiguration delays

and multi - hop

39



Opportunity: Tech Diversity

Demand-
oblivious

Demand-
aware

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

40



Static

Demand-
oblivious

Demand-
aware

Dynamic

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

Opportunity: Tech Diversity

102
40



Static

Demand-
oblivious

Demand-
aware

Dynamic

e.g., RotorNet
(SIGCOMMƥ17),
Sirius(SIGCOMMƥ20) , 
Mars  
ƽ3)'-%42)#3ƥʧʨƾƗ 
Shale
ƽ3)'-%42)#3ƥʧʩƾ 

e.g., Helios 
ƽ3)'#/--ƥʦʣƾƗ 
ProjecToR
(SIGCOMMƥ16),
SplayNet (4Ï.ƥʦʫ) , 
$ÕÏ ƽ3)'-%42)#3ƥʧʨƾ

e.g., Clos
(SIGCOMMƥʣʭ), Slim 
Fly (3#ƥʦʩ) , 
Xpander
(SIGCOMMƥʦʬ)

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

Opportunity: Tech Diversity
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40



Static

Demand-
oblivious

Demand-
aware

Dynamic

Rotor
Demand-
Aware

Static

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

Opportunity: Tech Diversity

104
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Static

Demand-
oblivious

Demand-
aware

Dynamic

Which approach 

is best?

Rotor
Demand-
Aware

Static

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

Opportunity: Tech Diversity

105
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Static

Demand-
oblivious

Demand-
aware

Dynamic

Which approach 

is best?

As always in CS: 

)Ô ÄÅÐÅÎÄÓƛ

Rotor
Demand-
Aware

Static

Diverse topology components:

ᵪ demand- oblivious and 

demand- aware

ᵪ static vs dynamic

Opportunity: Tech Diversity

106
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Diverse patterns :

ᵪ Shuffling/ Hadoop: 

all - to - all

ᵪ All - reduce/ML: ring or  

tree traffic patterns 
ᵪ Elephant flows

ᵪ Query traffic: skewed
ᵪ Mice flows

ᵪ Control traffic: does not evolve

but has non - temporal structure 

Diverse requirements :

ᵪ ML is bandwidth hungry , 

small flows are latency -

sensitive

Shuf f l i ng 

Al l - t o- Al l

ML

Lar ge f l ows

Del ay 
sensi t i ve

Tel emet r y 
/  cont r ol

107

Challenge: Traffic Diversity

41



Examples: 

Match or Mismatch?

Shuffling ML

Delay 
sensitive

Telemetry 
/ control

Demand

Static

Demand-
oblivious

Demand-
aware

Dynamic

Topology

Serving elephant flows on static? 

Bad idea! Bandwidth tax.  
108
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Conceptual Solution

Shuffling ML

Delay 
sensitive

Telemetry 
/ control

Static

Demand-
oblivious

Demand-
aware

Dynamic

Conceptually ideal solution : 

Cerberus * serves traffic on the ñbest topology ò! 

* Griner et al., ACM SIGMETRICS 2022
109



Further Reading

Sigmetrics 2022

43



Can we optimize 
reconfigurable 
datacenters for specific 
ML workloads?



Collective Communications

ᵪ Distributed HPC and ML applications often perform very

specific and predictable communication operations

ᵪ Known as Collective Communications

ᵪ Examples: .ÖÉÄÉÁƦÓNCCLƗ !-$ƦÓ 2##,Ɨƚƚƚƚ

ᵪ Basically reincarnations of MPI

ᵪ Ƨ##,ƨ ÓÔÁÎÄÓ ÆÏÒ #ÏÌÌÅÃÔÉÖÅ #ÏÍÍÕÎÉÃÁÔÉÏÎ Library
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Collective Communications

ᵪ Distributed HPC and ML applications often perform very

specific and predictable communication operations

ᵪ Known as Collective Communications

ᵪ Examples: .ÖÉÄÉÁƦÓNCCLƗ !-$ƦÓ 2##,Ɨƚƚƚƚ

ᵪ Basically reincarnations of MPI

ᵪ Ƨ##,ƨ ÓÔÁÎÄÓ ÆÏÒ #ÏÌÌÅÃÔÉÖÅ #ÏÍÍÕÎÉÃÁÔÉÏÎ Library

Importantly:

ᵪ 0ÒÅÄÉÃÔÁÂÌÅƙ ÓÉÍÐÌÅÒ ÃÏÎÔÒÏÌ ÐÌÁÎÅ ƽƧoffline ÖÓ ÏÎÌÉÎÅƨƾ

ᵪ Collective algorithms realize primitives 

in communication phases

ᵪ Specifically: communication is pair - wise ƽƧmatching ƨƾ

44



Example of a Collective Communication

Broadcast

A single node transmits its entire data to all other nodes .

0 1 2 3

A

B

C

D

A

B

C

D

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

Broadcast

Vector of sizeά

45



Example of a Collective Communication

Broadcast Algorithm

Realization in collectives algorithm : pair - wise matchings! 

ὸ π

Initially has the message
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Realization in collectives algorithm : pair - wise matchings! 

ὸ π

ὸ ρ

Initially has the message
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Example of a Collective Communication

Broadcast Algorithm

Realization in collectives algorithm : pair - wise matchings! 

ὸ π

ὸ ρ

ὸ ς

Initially has the message

ὸ ς
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Example of a Collective Communication

Broadcast Algorithm

Realization in collectives algorithm : pair - wise matchings! 

ὸ π

ὸ ρ

ὸ ς

ὸ ς

ὸ σ ὸ σ

Initially has the message

46



Example of a Collective Communication

Broadcast Algorithm

Realization in collectives algorithm : pair - wise matchings! 

ὸ π

ὸ ρ

ὸ ς

ὸ ς

ὸ σ ὸ σ

ὸ τ

Initially has the message

46



Example of a Collective Communication

Broadcast Algorithm

ὸ π

ὸ ρ

ὸ ς

ὸ ς

ὸ σ ὸ σ

ὸ τ

Initially has the message

46



Example of a Collective Communication

Broadcast Algorithm

Faster solution with binomial tree : but always a matching ! 

ὸ π

ὸ ρ

ὸ ς

ὸ ς

ὸ σ ὸ σ

ὸ τ

Initially has the message

46



Keep helping in 

future too!

Example of a Collective Communication

Broadcast Algorithm

ᵪ 4ÈÅÒÅ ÁÒÅ ÏÐÔÉÍÉÚÁÔÉÏÎÓƛ 

ᵪ E.g., nodes continue helping,    

aka binomial tree

ᵪ But always a matching ! 

46



Example of a Collective Communication

AllReduce

A

B

C

D

A

B

C

D

Reduce

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

0 1 2 3

Every node transmits its data to every other node , and 

aggregation is performed ( e.g , sum, min, max).
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Example of a Collective Communication 

All - to - All

ᵪ Each node sends a unique

message to every other node

ᵪ Algorithmic realization 

in phases (matchings): 

"ÒÕÃËƦÓ ÁÌÇÏÒÉÔÈÍ

K=

0

K=

1

K=

2

48



A Perfect Match!

K=

0

K=

1

K=

2

ᵪ Schedule of dynamic matchings can optimally serve "ÒÕÃËƦÓ ×ÏÒËÌÏÁÄ
( always direct , no multi - hop)

ᵪ Algorithms: e.g., Birckhoff von Neumann decompositions

48



Further Reading

HotOptics@Sigcomm 2026

49



Challenges: Impact of 
dynamic networks on 
other layers and 
scalable control plane



ᶌ ECMPreconvergence ?! Benefits of Valiant routing? 

ᶌ How to avoid packet reorderings ? RDMAÎÅÔ×ÏÒË ÃÁÒÄÓ ÄÏÎƦÔ ÌÉËÅ ÔÈÅÍƞ

ᶌ Routing in hybrid networks: segregated vs non- segregated ?

ᶌ First ideas: local routing! Techniques from dynamic P2P systems?

More Challenges: 

Network Layer?

50



ᶌ First ideas for quickly reacting TCP: ReTCP, PowerTCPƗ ƛ

ᶌ Or better completely different approach ? Even centralized ?!

More Challenges: 

Congestion Control?

51



More Challenges: 

Buffering?

52



Existing congestion control algorithms based on either

ᶌ 3ÔÁÔÅ ƽƧvoltage ƨƾ ÌÉËÅ BDP, queue length, 

loss , e.g.:

ᶌ DCTCP: uses ECN/loss

ᶌ Swift: RTT

ᶌ HPCC: inflight packets

ᶌ 'ÒÁÄÉÅÎÔ ƽƧcurrent ƨƾ ÌÉËÅ ÒÅÁÃÔÉÏÎ ÔÏ queue 

length change

ᶌ Timely: RTT - gradient based

Case Study:

PowerTCP

53



Existing congestion control algorithms based on either

ᶌ 3ÔÁÔÅ ƽƧvoltage ƨƾ ÌÉËÅ BDP, queue length, 

loss , e.g.:

ᶌ DCTCP: uses ECN/loss

ᶌ Swift: RTT

ᶌ HPCC: inflight packets

ᶌ 'ÒÁÄÉÅÎÔ ƽƧcurrent ƨƾ ÌÉËÅ ÒÅÁÃÔÉÏÎ ÔÏ queue 

length change

ᶌ Timely: RTT - gradient based

Case Study:

PowerTCP

J Can achieve near -

zero queue equilibrium

L Slow reaction
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Existing congestion control algorithms based on either

ᶌ 3ÔÁÔÅ ƽƧvoltage ƨƾ ÌÉËÅ BDP, queue length, 

loss , e.g.:

ᶌ DCTCP: uses ECN/loss

ᶌ Swift: RTT

ᶌ HPCC: inflight packets

ᶌ 'ÒÁÄÉÅÎÔ ƽƧcurrent ƨƾ ÌÉËÅ ÒÅÁÃÔÉÏÎ ÔÏ queue 

length change

ᶌ Timely: RTT - gradient based

Case Study:

PowerTCP

J Fast reaction

L No equilibrium
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Existing congestion control algorithms based on either

ᶌ 3ÔÁÔÅ ƽƧvoltage ƨƾ ÌÉËÅ BDP, queue length, 

loss , e.g.:

ᶌ DCTCP: uses ECN/loss

ᶌ Swift: RTT

ᶌ HPCC: inflight packets

ᶌ 'ÒÁÄÉÅÎÔ ƽƧcurrent ƨƾ ÌÉËÅ ÒÅÁÃÔÉÏÎ ÔÏ queue 

length change

ᶌ Timely: RTT - gradient based

Limitation: using only one of the two may miss useful information 

for fine - grained adaptions!

Case Study:

PowerTCP
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Limitation of SOTA

1

growing

2

shrinking

3

growing

ᶌ Consider a queue which may be in three different states :
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Limitation of SOTA

2 and 3: impossible to 

distinguish for voltage - based CCA

1

growing

2

shrinking

3

growing

ᶌ Consider a queue which may be in three different states :
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Limitation of SOTA

1 and 3: impossible to 

distinguish for current - based CC

1

growing

2

shrinking

3

growing

ᶌ Consider a queue which may be in three different states :
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Limitation of SOTA

We need both: Power (Voltage x Current)

1

growing

2

shrinking

3

growing

ᶌ Consider a queue which may be in three different states :
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Limitation of SOTA

We need both: Power (Voltage x Current)

1

growing

2

shrinking

3

growing

ᶌ Consider a queue which may be in three different states :

Inspired:

54

A control -

theoretic approach



So far: focus on throughput performance. 

More benefits of optical & 
reconfigurable switching



ᶌ Reconfigurable datacenter networks naturally support 

heterogeneous network elements 

ᶌ And therefore also incremental hardware upgrades

Benefit 1:

Evolving Datacenters

55

See interview with Amin 
Vahdat, Google in CACM: 
https://www.youtube.com/
watch?v=IxcV1gu8ETA 



ᶌ No need to convert photons in fiber to electrons in 

switch (and back)

ᶌ Can safe energy and reduce latency (in addition to 

enabling almost unlimited throughput)

Benefit 2:

Energy and Latency

Optical fiber Optical fiberElectric switch
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ᶌ No need to convert photons in fiber to electrons in 

switch (and back)

ᶌ Can safe energy and reduce latency (in addition to 

enabling almost unlimited throughput)

ᶌ Interesting for emerging distributed datacenters !

Benefit 2:

Energy and Latency

Optical fiber Optical fiberOptical switch

56



Floodings in South Germany destroyed 

much electrical network infrastructure

Benefit 3:

Resilience

Solution: deploy optical 

infrastructure (in valleys) and 

electrical on hills where safe?

57



ᶌ Opportunity: structure in demand and 

reconfigurable networks
ᵪ )ÔƥÓabout matchings : finding

heavy matchings that can be offloaded

to optical network, statically

and dynamically

ᶌ Many research opportunities
ᵪ Optimal static networks for dense demands

ᵪ Throughput : tight bounds and NP- hardness

ᵪ Scheduling dynamic networks 

(offline and online!) and beyond BvN

ᵪ Routing and congestion control

ᵪ Hybrid datacenters

ᵪ Scalable control plane

ᵪ Application - specific self - adjusting networks ?

ᶌ Many more opportunities for optical networks

Conclusion: Tip of Iceberg! 
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Thank you! Questions?

Slides 

available 

here: 


