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Let’s discover the rules of the game
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1 2 3 4 5

E X = sit Emma + sit Yc + sit Akash + handshake Emma, Yc

Emma Yc Akash

We further assume the following:

• |sit(𝑝)| > |sit_convincing_cost|. (Damien always gains by convincing a PhD student to sit)

X

+ + + + -

E 𝑋 = σ𝑝∈𝑋 sit p + σ𝑝𝑖,𝑝𝑖+1∈𝑋 handshake 𝑝𝑖 , 𝑝𝑖+1 + 𝑙 ∗ sit_convincing_cost.

configuration 𝑋  of size 𝑙 PhD students

Hamilton

Damien

+ 3 ∗ sit_convincing_cost.
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PhD students' displacement system

Built–in self improvement mechanism
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A A G C TT

This is 1D Scaffolded DNA Computer 

The Scaffold
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DNA strand displacement

Built–in algorithmic self correction mechanism
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Multiple Strands, Unbounded 𝑁𝑃 − Complete ?

Computational complexity of Minimum Free Energy and the Partition Function

Pr[ ] ≫
At equilibriumGOAL

Efficiently
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𝛀𝐀𝐡𝐦𝐞𝐝

Class

Sub-
class

Class

Layer = chair

There is a 1-1 
correspondence between 
each class of higher layers 

and a sub-class of any class 
in the current layer.

ΩCai

ΩCai⟷Ahmed⊂
𝛀

𝐀
𝐡

𝐦
𝐞

𝐝

Cai

Cai

Ahmed
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Can we use this inductive construction process to propagate information through this hierarchy ?
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1 - Propagate information from exactly the previous layer (Direct neighbour handshaking possibility).

Can we use this inductive construction process to propagate information through this hierarchy ?

Cai

CaiCai

Ahmed

Ahmed Ahmed

Cai

Cai Cai

ΩCai ΩCai→Ahmed

Information given: 𝑄 Ω𝐂𝐚𝐢 Information needed: 𝑄 ΩCai⟷Ahmed
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sit Ahmed  + Sit_Cost
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𝑐  ∗ 𝑄 Ω𝐂𝐚𝐢

1 - Propagate information from exactly the previous layer (Direct neighbour handshaking possibility).

Can we use this inductive construction process to propagate information through this hierarchy ?
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CaiCai
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Ahmed Ahmed

Cai

Cai Cai

ΩCai ΩCai→Ahmed

Information given: 𝑄 Ω𝐂𝐚𝐢 Information needed: 𝑄 ΩCai⟷Ahmed
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ΩBlake

2 - Propagate information from the rest (No handshaking possibility).

AhmedBlake
Blake

ΩBlake⟷Ahmed

Information given: 𝑄 Ω𝐁𝐥𝐚𝐤𝐞
Information needed: 𝑄 ΩBlake→Ahmed
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Information given: 𝑄 Ω𝐁𝐥𝐚𝐤𝐞
Information needed: 𝑄 ΩBlake→Ahmed
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𝑄 𝛺𝑝 = 𝑒
𝑠𝑖𝑡 𝑝 +𝑠𝑖𝑡_𝑐𝑜𝑠𝑡

𝑐 ∗ ෍

𝑝′𝑖𝑠 
𝑑𝑖𝑟𝑒𝑐𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟

 𝑒
ℎ𝑎𝑛𝑑𝑠ℎ𝑎𝑘𝑒 𝑝′,𝑝  

𝑐  ∗ 𝑄 𝛺𝒑′ + 1 + ෍

𝑝′𝑖𝑠 𝑛𝑜𝑡 
𝑑𝑖𝑟𝑒𝑐𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟

𝑄 𝛺𝒑′
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𝑄 = 1 + ෍

𝑝

𝑄(Ω𝑝)
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𝑠𝑖𝑡 𝑝 +𝑠𝑖𝑡_𝑐𝑜𝑠𝑡
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𝑄 = 1 + ෍

𝑠∈𝑇

𝑄(Ω𝑠)

𝑄 𝛺𝑠 = 𝑒
−∆𝐺(𝑀(𝑠))+∆𝐺assoc

𝑘𝐵𝑇 ∗ ෍

𝑠′∈𝐿𝐷𝑠 

 𝑒

−∆𝐺 𝑅 𝑠′ , 𝐿 𝑠

𝑘𝐵𝑇 ∗ 𝑄 𝛺𝑠′ + 1 + ෍

𝑠′≺𝑠
𝑠′∉𝐿𝐷𝑠

𝑄 𝛺𝒑′
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Previous: 1 simulation of length 13
Now: 280 simulations in 20 min [800 strands]

Benefits of Domain Based models !!
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dna.hamilton.ie

Postdoc, PhD
We're hiring!

Thanks

http://dna.hamilton.ie/
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