
Institute of Architecture of Application Systems

Warm-Starting Patterns for Quantum Algorithms

Felix Truger, Johanna Barzen, Martin Beisel, 
Frank Leymann, and Vladimir Yussupov

felix.truger@iaas.uni-stuttgart.de



R
e
se
a
rc
h

Agenda

▪ Fundamentals

▪ Motivation

▪ Pattern Authoring Method & Format

▪ Warm-Starting Patterns for Quantum Algorithms

▪ Integration into Pattern Atlas

▪ Summary & Outlook

2



R
e
se
a
rc
h

Classical Optimization on CPUQuantum Circuit Execution on QPU

Fundamentals: Quantum Algorithms

1. Quantum Bits (Qubits)

2. Quantum Circuits

3. Variational Quantum 

Algorithms (VQAs)
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Motivation: Warm-Starts in Quantum Computing

Warm-Starting:

≈ Utilization of existing or efficiently obtained
information instead of starting from scratch.

… in Quantum Computing:

▪ Two points of initialization in circuits for VQAs.

▪ Classical approximation algorithms for many problems

▪ Similarities among problem instances

▪ „Learn“ from past results
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Quantum Circuit for VQA
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Pattern Language for Quantum Algorithms [1]

▪ Pattern: structured document containing 
an abstract description of a proven 
solution of a recurring problem

▪ points to other patterns that may jointly 
contribute to an encompassing solution 
of a complex problem

▪ Pattern Language: network of related 
patterns
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[1] F. Leymann, “Towards a Pattern Language for Quantum Algorithms,” QTOP, Springer, 2019.
[2] M. Weigold et al., “Expanding Data Encoding Patterns For Quantum Algorithms,” ICSA-C, IEEE, 2021.
[3] M. Weigold et al., “Patterns for Hybrid Quantum Algorithms,” SummerSoC, Springer, 2021.
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Pattern Language for Quantum Algorithms [1]

6

...

Program Flow

Quantum-
Classic SplitCC

QAOA 

VQA
CC 

Warm-Start

... Circuit 
Cutting

Cutting

...

Orchestrated 
Execution

Prioritized
Execution

Basis 
Encoding

Measurement

Post-selective
Measurement

Amplitude
Amplification

Phase 
Shift

...

Unitary Transformations

Error Handling

Uniform 
Super-
position

Creating
Entangle-
ment

Quantum States

Gate Error 
Mitigation

Error 
Correction

...

Angle 
Encoding 

Execution

State Preparation

...

[5] F. Bühler et al., “Patterns for Quantum Software Development,” PATTERNS, XPS, 2023.
[6] M. Bechtold et al. “Patterns for Quantum Circuit Cutting,” PLoP, Hillside, 2023.
[7] D. Georg et al. “Execution Patterns for Quantum Applications,” ICSOFT, SciTePress, 2023.
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Refined Warm-Starting Patterns: Overview & Pattern Format
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WARM-START

[1] F. Truger et al., “Warm-Starting and Quantum Computing: A Systematic Mapping Study,” ACM Comput. Surv., 2024.
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Refined Warm-Starting Patterns: Overview & Pattern Format
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[1] F. Truger et al., “Warm-Starting and Quantum Computing: A Systematic Mapping Study,” ACM Comput. Surv., 2024.
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BIASED INITIAL STATE

Context: Valuable information from 

approximations often remains unused.

Solution: Encode approximations into the 

initial state of quantum circuits.

Results: Approximation utilized as starting 
point for quantum algorithm to improve on.

Known Uses: Warm-started QAOA for 

MaxCut and Knapsack problems [1][2], 
“classically-boosted” algorithm for Max3SAT 
and MaxBisect problems [3], …

Problem: Improve solution
quality or speed up through
efficient approximations.

BIASED INITIAL STATE
PRE-TRAINED FEATURE EXTRACTOR

Context: Lower number of qubits available 

than required to directly load data items.

Solution: Use pre-trained classical model to 

reduce dimensions of data items.

Results: Compressed representation enables 
processing data through QNN.

Known Uses: Image processing and 

classification [1], text classification [2], auto-
encoders [3] as a special case of pre-trained 
feature extractors, …

PRE-TRAINED FEATURE EXTRACTOR

Problem: Process large data
items through QNNs with low
number of qubits.

VARIATIONAL PARAMETER TRANSFER

Context: Repeated circuit execution needed 

to optimize the circuit parameters.

Solution: Transfer parameter values from 

related problem instances as an initialization.

Results: Reduced number of iterations in VQA 
and increased chance to find global optimum.

Known Uses: Parameter transfers for QAOA 

and MaxCut [1], Repository of pre-optimized 
parameter values [2], modelling constructs 
for integration in quantum workflows [3]

VARIATIONAL PARAMETER TRANSFER

Problem: Obtain problem-
aware parameter initializati-
on for VQA to save time.

CHAINED OPTIMIZATION

Context: A globally optimal parameter values 

are required to obtain optimal solutions.

Solution: Chain optimizers with different 

scopes or strengths together.

Results: Subsequent are warm-started to 
benefit from their respective strengths.

Known Uses: Avoid barren plateaus in VQAs, 

QNN optimization [1][2], reinforcement 
learning-based optimizer for QAOA combined 
with gradient-based local optimization [3]

Problem: Avoid local opti-
ma and improve convergence
in VQA optimization.

CHAINED OPTIMIZATION
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[1] D. J. Egger et al. “Warm-starting quantum 
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Heuristics with an Application to Knapsack 
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Optimization Algorithm,” arXiv:2203.13936, 
2022.
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[2] C.-H. H. Yang et al., “When BERT Meets 
Quantum Temporal Convolution Learning for 
Text Classification in Heterogeneous 
Computing,” ICASSP, IEEE, 2022.
[3] M. A. Kramer, “Nonlinear principal 
component analysis using autoassociative
neural networks,” AIChE Journal, Wiley, 1991. 11

Problem: Improve solution
quality or speed up through
efficient approximations.

PRE-TRAINED FEATURE EXTRACTOR

Context: Lower number of qubits available 

than required to directly load data items.

Solution: Use pre-trained classical model to 

reduce dimensions of data items.

Results: Compressed representation enables 
processing data through QNN.

Known Uses: Image processing and 

classification [1], text classification [2], auto-
encoders [3] as a special case of pre-trained 
feature extractors, …

PRE-TRAINED FEATURE EXTRACTOR

Problem: Process large data
items through QNNs with low
number of qubits.
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Solution Sketch:
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Pattern Atlas
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Pattern Atlas
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21Running Instance: patterns.platform.planqk.de
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Open Source on 



R
e
se
a
rc
h

Summary & Outlook

▪ Introduced 4 new patterns for warm-starting quantum algorithms

▪ Facilitate efficient utilization of quantum algorithms in the NISQ era

▪ Future Work

▪ Analyze additional warm-starting techniques

▪ Further refinements and re-evaluation based on community feedback

▪ Solution language: Connect patterns with concrete solutions
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Thank you for your attention ☺


