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Today’s Menu

1) Simulating IBM’s kicked quantum Ising experiment with TNs 

2) Compressing Large Language Models with TNs 
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Tensor Networks



Hilbert space is a convenient illusion
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Set of area-law states

Set of TN states (low-energy eigenstates of 
local Hamiltonians)

Set of product states (mean field)

Y. Ge, J. Eisert, NJP 18 083026 (2016)



Hilbert space is a convenient illusion

O(1010
23

)“Exploration” time ~                     sec.

O(1017 )Age of the universe ~                  sec.                       

Compare to…

Most states here are not even 
reachable by a time evolution 

with a local Hamiltonian in 
polynomial time

Poulin, Qarry, Somma, Verstraete, PRL 
106 170501 (2011)

We need a language to target the relevant 
corner of quantum states directly

Set of area-law states

Set of TN states (low-energy eigenstates of 
local Hamiltonians)

Set of product states (mean field)

Y. Ge, J. Eisert, NJP 18 083026 (2016)
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Matrix Product States (MPS)
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Projected Entangled Pair States (PEPS),  
Tensor Product States (TPS)

Tensor Product Variational Approach, PEPS & iPEPS
algorithms, Tensor-Entanglement Renormalization, 
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Matrix Product States (MPS)

DMRG, PWFRG, TEBD…

Projected Entangled Pair States (PEPS),  
Tensor Product States (TPS)

Tensor Product Variational Approach, PEPS & iPEPS
algorithms, Tensor-Entanglement Renormalization, 
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RG

Multiscale Entanglement 
Renormalization Ansatz (MERA)

AdS/CFT, Entanglement Renormalization

A ⋅B
A B

1d

2d, 3d...
Scale-invariant

physical 1…p bond 1..D (entanglement)  

Efficient O(poly(N)), satisfy area-law, low-energy eigenstates of local Hamiltonians 



Entanglement and Tensor Networks

Tensor Network Advantage



Entanglement and Tensor Networks

Strongly correlated systems
Quantum information

and computation

Quantum simulations
Classical statistical mechanics

Quantum 
chemistry Materials science

HEP and lattice gauge theories
Quantum gravity, 
string theory and
AdS/CFT

Numerical tensor calculus

Nuclear physics

AI, Deep learning & LLMs  

Tensor Network Advantage

Finance



Choose your fighter! 



Simulating IBM’s QC



• IBM Quantum team published in June 2023 a quantum simulation 
paper using unprecedented error-mitigation techniques for a 127-qubit 
(‘’Eagle”) quantum processor.  



Eagle, 127 qubits



Eagle, 127 qubits
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Spin-1/2 transverse field Ising model 
on a heavy-hexagon lattice 



“the quantum computer provides correct results for which leading classical 
approximations such as pure- state based (...) tensor network methods break 
down”. 

“We have now reached reliability at a scale (...) which can provide utility 
beyond classical approximation methods.” 
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What if we use other
2d TN algorithms? 



Graph-PEPS algorithm (gPEPS)

• Simple tensor update 

• Mean field environments 

• Flexible to adapt to any lattice 
and any dimension

• Very accurate away from 
criticality  

Our fighter J 



Simulating the IBM experiment

Works shortly after IBM’s paper 
(all focused on 127 qubits) 

Sukhbinder Singh @Multiverse 

Siddhartha Patra @DIPC+Multiverse Saeed Jahromi @Multiverse

Román Orús @DIPC+Multiverse

Our work (much beyond previous references)



(a) Eagle (127), (b) Osprey (433), (c) Condor (1121)

… and we also considered the thermodynamic limit, infinitely-many qubits 
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Eagle results, 127 qubits

• gPEPS simulated perfectly the 
system

• Unprecedented low error, even 
better than other TN techniques 
(eg TNS-BP)   

• Average of 2s/point on a PC 
     (QC was 5h/point). Superfast!!!   

• Results hold for local and non-
local observables 

(approx 5 Trotter steps)



Larger systems

• Large accuracy also for larger systems: 127, 433, 1121 and infinitely-many qubits

• Simulations also extremely efficient 



Long time evolutions



Long time evolutions
433 qubits 127 qubits 1121 qubits 
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Long time evolutions
433 qubits 127 qubits 1121 qubits 

• gPEPS still simulates perfectly the 
system, convergence with the 
PEPS bond dimension even for 
long times. 

• Beyond all calculations done for 
this system with any technique

• Results hold for local and non-
local observables 

• Pushed to the memory limit of 
DIPC cluster, and still works! 



• We simulated the original IBM experiment for (at least) 10x more qubits and 8x longer time evolutions.

• The original experiment is fine for testing error mitigation, but cannot claim advantage beyond classical simulation 
methods, in particular with respect to tensor networks. 

• The Hamiltonian is too tailored to the topology of interactions in the quantum circuit. 

• The heavy-hexagon lattice is one of the easiest 2d lattices to simulate (very close to a tree!) 

• Can lattice-based quantum computers (superconducting, quantum dots…) reach the low level of noise required not to 
be simulated by an appropriate TN algorithm? (reminder: gPEPS was the simplest 2d algorithm we could think of).

• Lattice is a huge constraint. Why imposing a lattice at all? Why not going for lattice-free quantum processors? And 
lattice-free simulators?  

What does all this imply?



Compressing 
Large Language Models 

(LLMs)



Generative artificial intelligence is a type of 
artificial intelligence (AI) system capable of 
generating text, images, media, or other type of 
data. 

Generative AI models learn the patterns and 
structure of their input training data, and then 
generate new data that has similar 
characteristics.

Impact goes from improving current solutions, to 
destroying humanity J. 

What is Generative AI?









The problem with AI 



The cost ishuge

Training ChatGPT-4 = 100M$ in electricity 
bill. And it still doesn’t speak well! 

Given the exponential demand, this is 
completely unsustainable. 

The problem with AI 
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MPO Decomposition of Weigth Matrices
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Tensorizing LlaMA2 7B

MPOs at Self Attention and Multi-layer Perceptron Layers
for a pre-trained model  

MPOs with bond dimension      200
Mild quantization from Float32 to Float16 
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• We compressed LlaMA2 7B LLM using TNs down to 15% size keeping more than 90% of accuracy. 

• This saves a huge amount of energy costs in AI, and also in training and inference times (2x faster). 

• It is perfectly compatible with other “standard” compression techniques in AI (quantization, distillation, pruning, 
LoRa…). Also more controllable and interpretable than these approaches.  

• We had to come up with distributed training a TN over an large amount of data among several GPUs. 

• The compression also allows to deploy LLMs on premises, without cloud access. 

• What about more complex TN structures and compression & training techniques?

What does all this imply?
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