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Fit the First: What?

Renormalization Group and Machine Learning:
A Critical Physics Review of Coarse-Graining, Continuous

Transport, Generative Sampling, and RG Theories of Learning

Kai

Literature reviewed through 13 August 2026

Abstract

The renormalization group (RG) and machine learning (ML) now interact through several mathematically
distinct programs: neural discovery of coarse variables; learned real-space transformations and coupling flows;
probabilistic inverse RG and lattice super-resolution; reversible and wavelet multiscale maps; stochastic RG,
stochastic quantization, score di!usion, and continuous transport; physics-informed renormalisation-group flows
and physics-informed kernels (PIKs); neural solution or compression of functional and numerical RG equations;
machine-learned fixed-point lattice actions; and RG theories of neural networks and learning curves. These subjects
share equations more often than they share physical meaning. In particular, a continuity or Fokker–Planck equation
may describe Wilsonian coarse-graining, relaxation to a stationary path-integral measure, a finite-time data-to-noise
bridge, or a prescribed density transport without integrating out any degree of freedom. This review therefore asks
what each paper actually defines, computes, and validates rather than accepting its preferred terminology.

The central standard is a five-part physics audit: the scale or transport map; the induced probability measure or
e!ective action; behavior under composition; fixed points, operators, or universal data; and statistical exactness
together with end-to-end scaling. A second claim ladder separates formal identities, numerical demonstrations,
plausible extrapolations, and untested statements. The review gives particular attention to PIK/PIRG, to “di!usion
models as stochastic quantization,” to genuinely RG-defined di!usion processes, and to recent di!usion samplers for
scalar and gauge lattice theories. It concludes that PIK is a promising prescribed-action transport whose reported
quantitative benchmark is still essentially zero-dimensional, whereas PIRG remains a genuine functional-RG program
with scale-dependent fields. Score di!usion and stochastic quantization possess a precise SDE-level relation but are
not the same physical process, and generic Gaussian noising is not by itself an inverse Wilsonian RG. Exactness
depends on the correction mechanism: exact proposal densities, Metropolis-adjusted kernels, or valid importance
weights, not on observable agreement or a small score loss. The revised corpus contains journal papers, conference
proceedings, and influential online-only manuscripts through 13 August 2026, with separate source and claim audits.
The final sections provide an evidence matrix, a research benchmark, and a plenary-talk narrative designed for
physicists entering or surveying the field.

Keywords: renormalization group; machine learning; coarse-graining; stochastic RG; stochastic quantization; score
di!usion; physics-informed kernels; inverse renormalization; functional RG; lattice field theory; neural-network field
theory.

Contents

Executive synthesis 4

1 Scope, search method, and taxonomy 4
1.1 Literature protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2 Inclusion rule . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Terminology that prevents category errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 What counts as a genuine RG claim? 5
2.1 The five-part physics audit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2 A claim ladder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3 Same PDE, di!erent physics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1

3 Historical bridge: three traditions converge 7
3.1 From block spins to computable transformations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.2 Quantum and tensor-network lineage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.3 Why neural methods entered . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.4 What RG contributes back . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4 Does deep learning implement RG? 7
4.1 Constructive correspondences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
4.2 Why the statement is not generic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.3 Current verdict . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

5 Information-theoretic learned coarse-graining 8
5.1 What the program established . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
5.2 Why this is one of the conceptually strongest branches . . . . . . . . . . . . . . . . . . . . . . . . . 9

6 Learned RG maps, model-space flow, and RGFlow 9
6.1 Neural Monte Carlo RG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
6.2 Optimizing the projector rather than assuming a block rule . . . . . . . . . . . . . . . . . . . . . . 9
6.3 Learned holographic maps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
6.4 Machine-learning RG over model space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
6.5 Bijective RGFlow for scalar fields . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

7 Inverse RG and neural super-resolution 11
7.1 What has been demonstrated . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

8 Reversible and exactly correctable generative RG 11
8.1 Why exactness is a separate axis from RG fidelity . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
8.2 Lattice field-theory context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

9 From stochastic RG to di!usion and physics-informed kernels 12
9.1 Wavelets and optimal transport as controlled bridges . . . . . . . . . . . . . . . . . . . . . . . . . . 12
9.2 Five processes that are often conflated . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
9.3 Stochastic RG: when di!usion really is an RG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
9.4 Stochastic quantization versus score di!usion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
9.5 “Di!usion models as stochastic quantization”: what was actually done . . . . . . . . . . . . . . . . 14
9.6 Higher cumulants and the Gaussian endpoint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
9.7 PIRG: a genuine functional-RG program with flowing fields . . . . . . . . . . . . . . . . . . . . . . 15
9.8 PIK: prescribe the action path, solve for the velocity . . . . . . . . . . . . . . . . . . . . . . . . . . 15
9.9 What the PIK paper demonstrates - and what it does not . . . . . . . . . . . . . . . . . . . . . . . . 16
9.10 Complex PIK and sign problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
9.11 PIK versus flow matching, stochastic interpolants, and NETS . . . . . . . . . . . . . . . . . . . . . 16

10 Machine learning for functional RG equations 17
10.1 Latent neural ODE for the Hubbard vertex . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
10.2 Physics-informed solution of the flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
10.3 Standards for neural fRG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

11 Quantum, numerical, similarity, and strong-disorder RG 18
11.1 Di!erentiable numerical RG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
11.2 Operator learning as an RG generalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
11.3 Learning from RG output rather than learning the RG . . . . . . . . . . . . . . . . . . . . . . . . . 18

2

11.4 Neural surrogates for similarity RG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
11.5 Disordered real-time dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
11.6 Learning strong-disorder decimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
11.7 Broader lesson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

12 Lattice field theory and gauge theory 19
12.1 Gauge equivariance as an enabling condition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
12.2 Learning a fixed-point action . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
12.3 An exactness hierarchy for learned lattice samplers . . . . . . . . . . . . . . . . . . . . . . . . . . 20
12.4 Scalar-field di!usion: from proof of concept to failure diagnostics . . . . . . . . . . . . . . . . . . 20
12.5 Abelian gauge di!usion and topological modes . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
12.6 Non-Abelian and fermionic extensions in 2026 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
12.7 Generative and multiscale samplers beyond di!usion . . . . . . . . . . . . . . . . . . . . . . . . . 21

13 Renormalization group as a theory of learning 21
13.1 Gaussian limits as free theories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
13.2 Learning curves and learnable modes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
13.3 Bayesian information shells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
13.4 Beyond lazy/infinite-width limits . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

14 Boundary programs: networks, graph coarsening, invariance, and holography 22
14.1 Renormalization of complex networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
14.2 RG-informed invariance without an e!ective action . . . . . . . . . . . . . . . . . . . . . . . . . . 23
14.3 Holographic interpretation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

15 Comparative evidence matrix and benchmark standard 23
15.1 A publication-level benchmark for learned RG and transport samplers . . . . . . . . . . . . . . . . 24

16 Annotated guide to representative papers 25

17 What happened in the literature, 2013–2026 27
17.1 2013–2017: analogy and exact correspondences . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
17.2 2018–2020: objectives, falsifiers, and stochastic RG . . . . . . . . . . . . . . . . . . . . . . . . . . 27
17.3 2021–2023: operational RG, transport, and solver ML . . . . . . . . . . . . . . . . . . . . . . . . . 27
17.4 2024–2026: physics-informed paths, exact corrections, and skeptical scaling tests . . . . . . . . . . 28
17.5 Online-only work that materially a!ects the story . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

18 Open problems and a plenary/review-talk blueprint 28
18.1 Twelve open problems that can organize a research program . . . . . . . . . . . . . . . . . . . . . . 28
18.2 A flagship cross-domain benchmark . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
18.3 A fourteen-slide plenary narrative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
18.4 How di!erent audiences should use the literature . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
18.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

19 Bibliography and online-source policy 30

3

Thanx to Kai Zhou (Shenzhen)

‘Critical Review’ by ChatGPT

Do not assume that your colleagues  

read your work more carefully than the AIs 5



Fit the First: What?

ChatGPT Literature

Thanx to Kai Zhou (Shenzhen)

MH, Metropolis-adjusted di!usion, and weighted transport. Functional-RG readers should read PIRG and PIK
together but not identify them: PIRG changes coordinates within a scale-dependent e!ective theory, while PIK fixes
an endpoint action path and solves its transport equation. Machine-learning theorists should compare PIK with
flow matching/stochastic interpolants and NETS, focusing on sample access, path choice, residuals, and correction.
Speakers should organize the talk by physical object and evidence level, not by architecture brand.

18.5 Conclusions

RG gives machine learning a disciplined answer to what information should survive a change of resolution. Machine
learning gives RG expressive stochastic kernels, bidirectional maps, di!erentiable solvers, symmetry-aware function
classes, and new ways to transport probability. The productive connection is not that all these methods are secretly the
same. It is that their equations can be compared while their physical boundary conditions and correctness mechanisms
remain explicit.

The current evidence supports a strong but bounded conclusion. Neural methods can learn or accelerate specific
RG objects; score di!usion can be a powerful lattice proposal; Metropolis adjustment or valid weights can restore
a target independently of model perfection; PIRG can reorganize functional flows; and PIK supplies an unusually
transparent equation-level residual for a prescribed action transport. It does not support the universal claims that
generic di!usion is inverse RG, that PIK has already solved high-dimensional lattice transport, that a broad topology
histogram proves continuum ergodicity, or that independent neural draws eliminate critical slowing down without
correction and cost accounting.

The mature standard is a closed chain of evidence: define the physical transformation or transport; derive the
evolving measure; identify what is removed and what is merely reparameterized; solve and certify the equation;
restore or quantify statistical exactness; test the slow modes; and measure scaling at matched total cost.

For researchers entering the topic. Read positive and skeptical papers in pairs: RSMI with its optimality analysis;
RBM correspondences with direct countertests; generic di!usion with stochastic RG; di!usion-as-SQ with its own
stated distinctions; PIK with flow matching and NETS; topology-transfer papers with exactness and scaling audits;
and neural action fitting with actual Monte Carlo cuto! tests. That pairing gives a more reliable map of the field than
a longer list of architectures.
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Lennart Klebl: Towards First-Principles fRG for Quantum Materials                                   Tuesday 10:00 AM - 10:30 AM                          

In this talk, I introduce the first open-source functional renormalization group (FRG) code for condensed matter systems: divERGe.The development of flexible and 
accessible computational frameworks is becoming increasingly important as modern condensed matter problems continue to grow in complexity, spanning from minimal 
theoretical models to realistic descriptions of quantum materials. divERGe is designed to bridge this gap by providing a versatile platform for implementing and applying 
FRG approaches across a broad range of systems. employ deep neural networks to represent the field derivative of the scale-dependent effective potential in the functional 
renormalization group (fRG) framework for nonperturbative quantum field theory. By embedding the fRG flow equations directly into the loss function, the network 
parameters are determined so as to provide a continuous and differentiable representation of the scale- and field-dependent effective potential without relying on 
precomputed training data. Focusing on the O(N) scalar field theory within the local potential approximation at finite temperature, we demonstrate that this neural network 
representation accurately captures the renormalization group flow across symmetric, broken, and critical regimes. A key ingredient is a decomposition of the representation 
into an analytically known large-N contribution and a learned finite-N correction, which efficiently mitigates numerical stiffness associated with convexity restoration in 
the broken phase. The physics-driven solutions show excellent agreement with established finite-difference and discontinuous Galerkin methods. We further apply the 
same strategy to the Wilson-Fisher fixed point equation in three dimensions, illustrating that neural network representations provide a unified framework for both scale-
dependent flows and fixed-point problems. Our results indicate that physics-driven deep learning offers a robust and flexible numerical tool for functional renormalization 
group studies.

Franz Richard Sattler: Preconden. and inhom. instabilities in high-density QCD         Thursday 2026, 9:20 AM - 9:40 AM                          

QCD at large densities exhibits a moat regime in the scalar-pseudoscalar sector. The resolution of its dynamics is pivotal to access the onset of new phases, including the 
potential critical endpoint of QCD. I report on a first self-consistent analysis of this regime, using the first-principles functional renormalisation group approach to QCD. 
Mapping out the moat regime, we find a potential inhomogeneous instability at baryon chemical potential MeV on the chiral crossover line. I discuss the stability of this 
instability together with the closely connected phenomenon of precondensation, which can be probed in a natural manner using the fRG.

divERGe

DiFfRG
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<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Lattice I Lattice II

‘Pooling’

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Lattice I Lattice II

‘Convolution’

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Correlation length Correlation length

Lattice I Lattice II

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Correlation length

Lattice I

Correlation length

Possible by re-adjusting all parameters 

Lattice II

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Correlation length

Lattice I

Correlation length

Possible by re-adjusting all parameters 

 Finite lattices: RG step involves loss of information (hypothesis of RG entropy that increases)

Lattice II

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Correlation length

Lattice I

Correlation length

Lattice III

Correlation length

Possible by re-adjusting all parameters 

 Finite lattices: RG step involves loss of information (hypothesis of RG entropy that increases)

Lattice IV

Correlation length

Lattice II

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

Linear block-spinning renormalisation group 

Correlation length

Lattice I

Correlation length

Lattice III

Correlation length

Full inversion only possible for lattice (system) with infinite extend/infinite # of degrees of freedom 

Possible by re-adjusting all parameters 

Lattice IV

Correlation length

Lattice II

12

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}

Inverse RG



Quantum field theory & the RG in a nutshell 

ML-spinning renormalisation group 

Pooling = scale transformation Convolution = linear reparametrisation

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the RG in a nutshell 

ML-spinning renormalisation group 

Pooling = scale transformation Convolution = linear reparametrisation

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}

Activation function: linear             non-linear



Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}

Quantum field theory & the functional RG in a nutshell 

<latexit sha1_base64="+YdxMl6mU65vNV9OYbvEVx/OeRk=">AAACKnicbVC7TsMwFHV4lFJeLYwsERVSWaoEocJYwcJYJPqQmlI5zm1r1XYi2wFVUf6DFWa+hq1i5UNw2gzQciRbR+fc63t9/IhRpR1nbm1sbm0Xdoq7pb39g8OjcuW4o8JYEmiTkIWy52MFjApoa6oZ9CIJmPsMuv70LvO7zyAVDcWjnkUw4Hgs6IgSrI305AWh9qIJrWXXxbBcderOAvY6cXNSRTlaw4pVMC+QmIPQhGGl+q4T6UGCpaaEQVryYgURJlM8hr6hAnNQg2SxdmqfGyWwR6E0R2h7of7uSDBXasZ9U8mxnqhVLxP/9ZRZZQLByng9uhkkVESxBkGW00cxs3VoZ8HYAZVANJsZgomk5gM2mWCJiTbxlUqegBcSco5FkHjUpJgmXjZZ8oSmqUnOXc1pnXQu626j3ni4qjZv8wyL6BSdoRpy0TVqonvUQm1EkESv6A29Wx/WpzW3vpalG1bec4L+wPr+AfTXp5g=</latexit>

ω̇(ω)RG: General rescalings & reparametrisations via general differential map 

RG-time: 
<latexit sha1_base64="QhaWXmnGoOlgmZu6DZZxvnONEzE=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjjZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWZcWrVqqNq3LtNo+jAKdwBhfgwTXU4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A47uNAw==</latexit>

t

Wegner, J. Phys. C 7 (1974) 2098

<latexit sha1_base64="HXRgrbWEjjgU0f4U7wWy/Xpvobc="></latexit>

ωtpt(ε) = →
∫

x

ϑ

ϑε(x)

(
ε̇(ε) pt(ε)

)

JMP, Annals Phys. 322 (2007) 2831

<latexit sha1_base64="jHMwphgvYry2t2kFrvLGzbbRTkE="></latexit>(
ωt +

∫

x
ε̇

ϑ

ϑε

)
!ω =

1

2
Tr

[
Gω

(
ωt + 2

ϑε̇

ϑε

)
Rω

]

Wegner equation Generalised flow equation

flow of distribution aka optimal transport flow of target action aka rate function

Legendre transform

Locality

Jump forward to: Fit the Third to Fifth: What can Machine Learning do for us?



Quantum field theory & the functional RG in a nutshell 

Continuous block-spinning aka integrating out momentum shells 

! "#$ S"#$ !
k
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k 0

IR UV

k- k&

<latexit sha1_base64="3JLsaD7iv1icnnAicCknfaWVtNA=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVaT0WBfFYwX7IdinZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzwoQzbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TRWiLxDxW3RBrypmkLcMMp91EUSxCTjvh+Gbmd56o0iyWD2aS0EDgoWQRI9hY6fG2P/Z7yYgF/XLFrbpzoFXi5aQCOZr98ldvEJNUUGkIx1r7npuYIMPKMMLptNRLNU0wGeMh9S2VWFAdZPODp+jMKgMUxcqWNGiu/p7IsNB6IkLbKbAZ6WVvJv7n+amJroKMySQ1VJLFoijlyMRo9j0aMEWJ4RNLMFHM3orICCtMjM2oZEPwll9eJe2Lqler1u4vK43rPI4inMApnIMHdWjAHTShBQQEPMMrvDnKeXHenY9Fa8HJZ47hD5zPH428kEQ=</latexit>

Fk[ω]
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]
<latexit sha1_base64="R6NZJRBfro8IfWXRdUIHtG/LsJA=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7QekoWy2m3bpZrPsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8UHKmjet+O6W19Y3NrfJ2ZWd3b/+genjU0UmqCG2ThCeqF2JNORO0bZjhtCcVxXHIaTec3M797hNVmiXi0UwlDWI8EixiBBsrdR/8vhyzYFCtuXU3B1olXkFqUKA1qH71hwlJYyoM4Vhr33OlCTKsDCOczir9VFOJyQSPqG+pwDHVQZafO0NnVhmiKFG2hEG5+nsiw7HW0zi0nTE2Y73szcX/PD810XWQMSFTQwVZLIpSjkyC5r+jIVOUGD61BBPF7K2IjLHCxNiEKjYEb/nlVdK5qHuNeuP+sta8KeIowwmcwjl4cAVNuIMWtIHABJ7hFd4c6bw4787HorXkFDPH8AfO5w8f/o9z</latexit>

S[ω]

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Probability measure
<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
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}



Quantum field theory & the functional RG in a nutshell 

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Probability measure
<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Continuous ML-spinning

Pooling = scale transformation
Convolutions

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
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}



Quantum field theory & the functional RG in a nutshell 

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Special case: Polchinski flow ‘83

Wilson effective action = log likelihood
<latexit sha1_base64="Up+i83eC4dL/dikkpLVUPYlI1bc=">AAACGnicbZDLSsNAFIYn9V5vVZduBovgqiQi1Y0gCuKyoq1CE8pketIOnUnizIlYQp/Dja/ixoUi7sSNb+P0svD2w8DPd87hzPnDVAqDrvvpFKamZ2bn5heKi0vLK6ultfWGSTLNoc4TmejrkBmQIoY6CpRwnWpgKpRwFfZOhvWrW9BGJPEl9lMIFOvEIhKcoUWtknfa9NOuCHwjFNxQXyYdmo4RPaQXLR/hDrXKIYoGY9wqld2KOxL9a7yJKZOJaq3Su99OeKYgRi6ZMU3PTTHImUbBJQyKfmYgZbzHOtC0NmYKTJCPThvQbUvaNEq0fTHSEf0+kTNlTF+FtlMx7JrftSH8r9bMMDoIchGnGULMx4uiTFJM6DAn2hYaOMq+NYxrYf9KeZdpxtGmWbQheL9P/msauxWvWqme75WPjidxzJNNskV2iEf2yRE5IzVSJ5zck0fyTF6cB+fJeXXexq0FZzKzQX7I+fgCOM6hBg==</latexit>

F [ω] → log p[ω] = Se![ω]

<latexit sha1_base64="fmdm1R27hqDRZRaDQx4GR5APk0U="></latexit>

ω̇ → Ct
εSe!

εω

Probability measure
<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Continuous ML-spinning

Pooling = scale transformation
Convolutions

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =
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}



Quantum field theory & the functional RG in a nutshell 

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Special case: Polchinski flow ‘83

Wilson effective action = log likelihood
<latexit sha1_base64="Up+i83eC4dL/dikkpLVUPYlI1bc=">AAACGnicbZDLSsNAFIYn9V5vVZduBovgqiQi1Y0gCuKyoq1CE8pketIOnUnizIlYQp/Dja/ixoUi7sSNb+P0svD2w8DPd87hzPnDVAqDrvvpFKamZ2bn5heKi0vLK6ultfWGSTLNoc4TmejrkBmQIoY6CpRwnWpgKpRwFfZOhvWrW9BGJPEl9lMIFOvEIhKcoUWtknfa9NOuCHwjFNxQXyYdmo4RPaQXLR/hDrXKIYoGY9wqld2KOxL9a7yJKZOJaq3Su99OeKYgRi6ZMU3PTTHImUbBJQyKfmYgZbzHOtC0NmYKTJCPThvQbUvaNEq0fTHSEf0+kTNlTF+FtlMx7JrftSH8r9bMMDoIchGnGULMx4uiTFJM6DAn2hYaOMq+NYxrYf9KeZdpxtGmWbQheL9P/msauxWvWqme75WPjidxzJNNskV2iEf2yRE5IzVSJ5zck0fyTF6cB+fJeXXexq0FZzKzQX7I+fgCOM6hBg==</latexit>

F [ω] → log p[ω] = Se![ω]

<latexit sha1_base64="fmdm1R27hqDRZRaDQx4GR5APk0U="></latexit>

ω̇ → Ct
εSe!

εω
Generalised flow equation ‘05

Special case: Wetterich flow ’93 

1PI effective action = rate function
<latexit sha1_base64="LS1/JKJ/fcSEGwEW9ha1pe2BENQ="></latexit>

F [ω] → L (log p[ω]) = ![ω]

Probability measure
<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Continuous ML-spinning

Pooling = scale transformation
Convolutions

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the functional RG in a nutshell 

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Special case: Polchinski flow ‘83

Wilson effective action = log likelihood
<latexit sha1_base64="Up+i83eC4dL/dikkpLVUPYlI1bc=">AAACGnicbZDLSsNAFIYn9V5vVZduBovgqiQi1Y0gCuKyoq1CE8pketIOnUnizIlYQp/Dja/ixoUi7sSNb+P0svD2w8DPd87hzPnDVAqDrvvpFKamZ2bn5heKi0vLK6ultfWGSTLNoc4TmejrkBmQIoY6CpRwnWpgKpRwFfZOhvWrW9BGJPEl9lMIFOvEIhKcoUWtknfa9NOuCHwjFNxQXyYdmo4RPaQXLR/hDrXKIYoGY9wqld2KOxL9a7yJKZOJaq3Su99OeKYgRi6ZMU3PTTHImUbBJQyKfmYgZbzHOtC0NmYKTJCPThvQbUvaNEq0fTHSEf0+kTNlTF+FtlMx7JrftSH8r9bMMDoIchGnGULMx4uiTFJM6DAn2hYaOMq+NYxrYf9KeZdpxtGmWbQheL9P/msauxWvWqme75WPjidxzJNNskV2iEf2yRE5IzVSJ5zck0fyTF6cB+fJeXXexq0FZzKzQX7I+fgCOM6hBg==</latexit>

F [ω] → log p[ω] = Se![ω]

<latexit sha1_base64="fmdm1R27hqDRZRaDQx4GR5APk0U="></latexit>

ω̇ → Ct
εSe!

εω
Generalised flow equation ‘05

Special case: Wetterich flow ’93 

1PI effective action = rate function
<latexit sha1_base64="LS1/JKJ/fcSEGwEW9ha1pe2BENQ="></latexit>

F [ω] → L (log p[ω]) = ![ω]

Probability measure

Legendre transform

<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Continuous ML-spinning

Pooling = scale transformation
Convolutions

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



Quantum field theory & the functional RG in a nutshell 

Generating functionals 
<latexit sha1_base64="5Mueh+VBWNgC8LrbbL5UPWVJR3w=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiIB4r2A9IQ9lsN+3SzWbZ3Qgl9Ed48aCIV3+PN/+NmzYHbX0w8Hhvhpl5oeRMG9f9dkpr6xubW+Xtys7u3v5B9fCoo5NUEdomCU9UL8SaciZo2zDDaU8qiuOQ0244uc397hNVmiXi0UwlDWI8EixiBBsrde/8vhyzYFCtuXV3DrRKvILUoEBrUP3qDxOSxlQYwrHWvudKE2RYGUY4nVX6qaYSkwkeUd9SgWOqg2x+7gydWWWIokTZEgbN1d8TGY61nsah7YyxGetlLxf/8/zURNdBxoRMDRVksShKOTIJyn9HQ6YoMXxqCSaK2VsRGWOFibEJVWwI3vLLq6RzUfca9cbDZa15U8RRhhM4hXPw4AqacA8taAOBCTzDK7w50nlx3p2PRWvJKWaO4Q+czx8L/I9m</latexit>

F [ω]

Wegner flow ’74 

Special case: Polchinski flow ‘83

Wilson effective action = log likelihood
<latexit sha1_base64="Up+i83eC4dL/dikkpLVUPYlI1bc=">AAACGnicbZDLSsNAFIYn9V5vVZduBovgqiQi1Y0gCuKyoq1CE8pketIOnUnizIlYQp/Dja/ixoUi7sSNb+P0svD2w8DPd87hzPnDVAqDrvvpFKamZ2bn5heKi0vLK6ultfWGSTLNoc4TmejrkBmQIoY6CpRwnWpgKpRwFfZOhvWrW9BGJPEl9lMIFOvEIhKcoUWtknfa9NOuCHwjFNxQXyYdmo4RPaQXLR/hDrXKIYoGY9wqld2KOxL9a7yJKZOJaq3Su99OeKYgRi6ZMU3PTTHImUbBJQyKfmYgZbzHOtC0NmYKTJCPThvQbUvaNEq0fTHSEf0+kTNlTF+FtlMx7JrftSH8r9bMMDoIchGnGULMx4uiTFJM6DAn2hYaOMq+NYxrYf9KeZdpxtGmWbQheL9P/msauxWvWqme75WPjidxzJNNskV2iEf2yRE5IzVSJ5zck0fyTF6cB+fJeXXexq0FZzKzQX7I+fgCOM6hBg==</latexit>

F [ω] → log p[ω] = Se![ω]

<latexit sha1_base64="fmdm1R27hqDRZRaDQx4GR5APk0U="></latexit>

ω̇ → Ct
εSe!

εω
Generalised flow equation ‘05

Special case: Wetterich flow ’93 

1PI effective action = rate function
<latexit sha1_base64="LS1/JKJ/fcSEGwEW9ha1pe2BENQ="></latexit>

F [ω] → L (log p[ω]) = ![ω]

Probability measure

Legendre transform

<latexit sha1_base64="07vankUSqRg7Nlg4VXsQS9/KPBM=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRqW6EoiAuK9gHTIeSSdM2NJMJSaZQhv6JGxeKuPVP3Pk3pu0stPXA5R7OuZfcnEhypo3nfTuFtfWNza3idmlnd2//wD08auokVYQ2SMIT1Y6wppwJ2jDMcNqWiuI44rQVje5mfmtMlWaJeDITScMYDwTrM4KNlbquex905JCFN3LRUdctexVvDrRK/JyUIUe96351eglJYyoM4VjrwPekCTOsDCOcTkudVFOJyQgPaGCpwDHVYTa/fIrOrNJD/UTZEgbN1d8bGY61nsSRnYyxGeplbyb+5wWp6V+HGRMyNVSQxUP9lCOToFkMqMcUJYZPLMFEMXsrIkOsMDE2rJINwV/+8ippXlT8aqX6eFmu3eZxFOEETuEcfLiCGjxAHRpAYAzP8ApvTua8OO/Ox2K04OQ7x/AHzucPtOqTEw==</latexit>

F [ω] = p[ω]

Continuous ML-spinning

Pooling = scale transformation
Convolutions

Least redundant       perfect for optimisationperfect for sampling

Classical action 

Simple example:
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

ω real scalar field with
<latexit sha1_base64="19Yb9BF7GFS8GIXbboz82dP0tsk=">AAAB/HicbVBNS8NAEJ34WetXtEcvi0UQhJKIVI9FL56kgv2AJoTNdtsu3WzC7kYIof4VLx4U8eoP8ea/cdvmoK0PBh7vzTAzL0w4U9pxvq2V1bX1jc3SVnl7Z3dv3z44bKs4lYS2SMxj2Q2xopwJ2tJMc9pNJMVRyGknHN9M/c4jlYrF4kFnCfUjPBRswAjWRgrsypnH4yHKPYI5upsEXjJigV11as4MaJm4BalCgWZgf3n9mKQRFZpwrFTPdRLt51hqRjidlL1U0QSTMR7SnqECR1T5+ez4CToxSh8NYmlKaDRTf0/kOFIqi0LTGWE9UoveVPzP66V6cOXnTCSppoLMFw1SjnSMpkmgPpOUaJ4Zgolk5lZERlhiok1eZROCu/jyMmmf19x6rX5/UW1cF3GU4AiO4RRcuIQG3EITWkAgg2d4hTfryXqx3q2PeeuKVcxU4A+szx/e9pRL</latexit>

+ logNω

<latexit sha1_base64="Wv09avJBU7TVeJjifnFsQdjm8Go=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmKCF7JrDHokevGI0QUS2JBu6UJDt9u0XROy4Ud48aAxXv093vw3FtiDgi+Z5OW9mczMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHLZ2kilCfJDxRnRBrypmgvmGG045UFMchp+1wfDvz209UaZaIRzORNIjxULCIEWys1H6o9uSInffLFbfmzoFWiZeTCuRo9stfvUFC0pgKQzjWuuu50gQZVoYRTqelXqqpxGSMh7RrqcAx1UE2P3eKzqwyQFGibAmD5urviQzHWk/i0HbG2Iz0sjcT//O6qYmug4wJmRoqyGJRlHJkEjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSyIXjLL6+S1kXNq9fq95eVxk0eRxFO4BSq4MEVNOAOmuADgTE8wyu8OdJ5cd6dj0VrwclnjuEPnM8fgtSPDA==</latexit>

S(ω)

<latexit sha1_base64="jDb8fmS+4CjKdIM39WYMTLcbx0g="></latexit>

S(ω) =

∫
ddx

{
1

2
ω
(
→ε2

µ +m2
ω

)
ω+

ϑω

8
ω4

}



<latexit sha1_base64="xEdDDb5gPaTuEYj6+ONOSVGEUY4="></latexit>(
ωt +

∫

x
ε̇

ϑ

ϑε

)
!t[ε] =

1

2
TrGt[ε] ωtRt +TrGt[ε]

ϑε̇

ϑε
Rt

Wegner flow 

JMP, Annals Phys. 322 (2007) 2831Wegner, J. Phys. C 7 (1974) 2098

Legendre transform

Sampling Direct computation & optimisation

Generalised flow equation

<latexit sha1_base64="7fyZGezRX8CND/wnF38RGsb6Xus="></latexit>

Gt[ω](p, q) = →ω̂(p) ω̂(q)↑c =
1

ω2!t[ε]
ωε2 +Rt

(p, q)

<latexit sha1_base64="kh+ndVdXRg2q/G5wVNcluo6WU9g="></latexit>

ωtpt[ε] = →
∫

x

ϑ

ϑε(x)

(
ε̇[ε] pt[ε]

)

A brief history of generalised flows 



<latexit sha1_base64="eU4S1cWkdb802WD1MDA/jXmvq7w="></latexit>(
ωt

)
!t[ε] =

1

2
TrGt[ε] ωtRt

Wegner flow 

JMP, Annals Phys. 322 (2007) 2831Wegner, J. Phys. C 7 (1974) 2098

Legendre transform

Wetterich equation
<latexit sha1_base64="I7umqiiG4/jy5XoeQ1WhrGWk/SE=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVDdC0Y3LCvYB06Fk0kwbmskMyR2hlH6GGxeKuPVr3Pk3pu0stPVA4HDOPeTeE6ZSGHTdb6ewtr6xuVXcLu3s7u0flA+PWibJNONNlshEd0JquBSKN1Gg5J1UcxqHkrfD0d3Mbz9xbUSiHnGc8iCmAyUiwShaye/2EyTddChu3F654lbdOcgq8XJSgRyNXvnLplkWc4VMUmN8z00xmFCNgkk+LXUzw1PKRnTAfUsVjbkJJvOVp+TMKn0SJdo+hWSu/k5MaGzMOA7tZExxaJa9mfif52cYXQcTodIMuWKLj6JMEkzI7H7SF5ozlGNLKNPC7krYkGrK0LZUsiV4yyevktZF1atVaw+XlfptXkcRTuAUzsGDK6jDPTSgCQwSeIZXeHPQeXHenY/FaMHJM8fwB87nD3ydkMA=</latexit>

ω̇ = 0

Sampling Direct computation & optimisation

Generalised flow equation

<latexit sha1_base64="7fyZGezRX8CND/wnF38RGsb6Xus="></latexit>

Gt[ω](p, q) = →ω̂(p) ω̂(q)↑c =
1

ω2!t[ε]
ωε2 +Rt

(p, q)

<latexit sha1_base64="kh+ndVdXRg2q/G5wVNcluo6WU9g="></latexit>

ωtpt[ε] = →
∫

x

ϑ

ϑε(x)

(
ε̇[ε] pt[ε]

)

A brief history of generalised flows 

Wetterich, PLB 301 (1993) 90



<latexit sha1_base64="xEdDDb5gPaTuEYj6+ONOSVGEUY4="></latexit>(
ωt +

∫

x
ε̇

ϑ

ϑε

)
!t[ε] =

1

2
TrGt[ε] ωtRt +TrGt[ε]

ϑε̇

ϑε
Rt

Wegner flow 

JMP, Annals Phys. 322 (2007) 2831Wegner, J. Phys. C 7 (1974) 2098

Legendre transform

Sampling Direct computation & optimisation

Generalised flow equation

<latexit sha1_base64="kh+ndVdXRg2q/G5wVNcluo6WU9g="></latexit>

ωtpt[ε] = →
∫

x

ϑ

ϑε(x)

(
ε̇[ε] pt[ε]

)

A brief history of generalised flows 

Wegner, J. Phys. C 7 (1974) 2098

Morris, hep-th/9810104 (gauge theories, lecture ERG 1998)

…

Rosten, Phys.Rept. 511 (2012) 177

Latorre, Morris, JHEP 11 (2000) 004

Wegner flow or Wegner-Morris flow Generalised 1PI flows

Gies, Wetterich, PRD 65 (2002) 065001 (bilinear composites)

JMP, Annals Phys. 322 (2007) 2831 (generalised flow equation)

…



<latexit sha1_base64="xEdDDb5gPaTuEYj6+ONOSVGEUY4="></latexit>(
ωt +

∫

x
ε̇

ϑ

ϑε

)
!t[ε] =

1

2
TrGt[ε] ωtRt +TrGt[ε]

ϑε̇

ϑε
Rt

Wegner flow 

JMP, Annals Phys. 322 (2007) 2831Wegner, J. Phys. C 7 (1974) 2098

Legendre transform

Sampling Direct computation & optimisation

Generalised flow equation

<latexit sha1_base64="kh+ndVdXRg2q/G5wVNcluo6WU9g="></latexit>

ωtpt[ε] = →
∫

x

ϑ

ϑε(x)

(
ε̇[ε] pt[ε]

)

A brief history of generalised flows 

Wegner, J. Phys. C 7 (1974) 2098

Morris, hep-th/9810104 (gauge theories, lecture ERG 1998)

…

Rosten, Phys.Rept. 511 (2012) 177

Latorre, Morris, JHEP 11 (2000) 004

Wegner flow or Wegner-Morris flow Generalised 1PI flows

Gies, Wetterich, PRD 65 (2002) 065001 (bilinear composites)

JMP, Annals Phys. 322 (2007) 2831 (generalised flow equation)

…

Essential RG: Baldazzi, Falls, SciPost Phys. 13 (2022) 085, … (generalised flow eq. with essential/inessential operators)

Novel conceptual developments based on general flows

Physics-Informed RG: Ihssen, JMP, Annals Phys. 481 (2025) 170177, … (introducing Physics-informed pairs with generalised flow eq. & Wegner flows)

fixed theory

flowing theoriesTalk Friederike Ihssen    Saturday: 11:30 - 12:00



Fit the Third to Fifth: What can Machine Learning do for us?
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Yang-yang Tan: Solving Functional Renormalization Group Equations with Neural Networks     Friday 2:20 PM - 2:40 PM                          

We employ deep neural networks to represent the field derivative of the scale-dependent effective potential in the functional renormalization group (fRG) framework for 
nonperturbative quantum field theory. By embedding the fRG flow equations directly into the loss function, the network parameters are determined so as to provide a 
continuous and differentiable representation of the scale- and field-dependent effective potential without relying on precomputed training data. Focusing on the O(N) scalar 
field theory within the local potential approximation at finite temperature, we demonstrate that this neural network representation accurately captures the renormalization 
group flow across symmetric, broken, and critical regimes. A key ingredient is a decomposition of the representation into an analytically known large-N contribution and a 
learned finite-N correction, which efficiently mitigates numerical stiffness associated with convexity restoration in the broken phase. The physics-driven solutions show 
excellent agreement with established finite-difference and discontinuous Galerkin methods. We further apply the same strategy to the Wilson-Fisher fixed point equation in 
three dimensions, illustrating that neural network representations provide a unified framework for both scale-dependent flows and fixed-point problems. Our results 
indicate that physics-driven deep learning offers a robust and flexible numerical tool for functional renormalization group studies.

Takeru Yokota: Physics-informed neural networks for solving FRG                                    Friday 2026, 2:00 PM - 2:20 PM                          

Although the formulation of the FRG is exact, practical calculations must be carried out approximately. This is because solvers for functional differential equations 
(FDEs), such as the Wetterich equation, have not yet been established. Meanwhile, physics-informed neural networks (PINNs) have recently gained attention as an 
efficient method for solving high-dimensional partial differential equations. Since FDEs are essentially high-dimensional differential equations, PINNs are expected to 
serve as useful solvers for the FRG. In this talk, I will discuss the application of PINNs to the FRG. In particular, I will present numerical applications to low-dimensional 
scalar models to demonstrate their applicability. In our approach, the effective action is represented by a neural network, and I will discuss network architectures that help 
ensure convexity, which is important for describing phase transitions. This talk is based on Refs. [1,2].
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Stijn Hennissen, Frank Saueressig,  Agustín Silva



Example: Learning importance ordering of vertices 
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Deep Learning the Functional Renormalization Group 

Di Sante, Medvidovic, Toschi, Sangiovanni, Franchini, Sengupta, Millis, PRL 129 (2022) 13, 136402
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Fit the Fifth to Seventh: The RG-Structure of Machine Learning
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Lingxiao Wang: Diffusion Models as Stochastic Quantisation                                                Wednesday 4:40 PM - 5:10 PM
Generative diffusion models — the engine behind much of modern image and video synthesis — turn out to admit a transparent physical reading: the forward process is a 
Langevin diffusion that washes out structure, while the reverse, score‑driven process reconstructs configurations from noise, realising a stochastic quantisation à la Parisi–
Wu with the learned score playing the role of the drift derived from an effective action.
Building on this correspondence, I will present our recent results from the DM‑QFT collaboration on generative sampling for lattice field theory: scalar theories in two and 
three dimensions including their critical regions, group‑preserving diffusion for U(N)/SU(N) gauge fields, and ongoing progress. I will emphasise Expandability, Exactness 
and Efficiency, and close with the road ahead QCD.

Yuto Ashida: Exact RG and generative diffusion model                                                             Friday 11:00 AM - 11:30 AM
In recent years, the rapid advancement of generative AI, particularly diffusion models, has led to the adoption of new data-driven methods in widely diverse fields—from 
high-quality image generation to drug discovery and material design. In this talk, I will discuss their theoretical similarities to the theory of the exact renormalization group 
widely used in statistical and high-energy physics. Specifically, I will introduce an approach based on RG concepts that aim to capture the hierarchical structure of data 
more efficiently.

Riccardo Finotello: A fRG Approach to Anomaly Detection via Dimensional Phase Transition    Friday 3:20 PM - 3:40 PM                          
Detecting signals within nearly continuous spectra remains a fundamental challenge in statistical inference, particularly in high-noise regimes where standard random 
matrix theory approaches, such as the Baik-Ben Arous-Péché (BBP) transition, frequently fail. We introduce a methodology that bridges statistical mechanics and 
statistical inference. By treating the empirical spectrum as an effective equilibrium field theory, we establish a formal mapping between anomaly detection and the 
Functional Renormalisation Group (FRG) flow of non-equilibrium systems using a stochastic field framework, wherein the noise-to-signal ratio functions mathematically 
as a physical temperature. Instead of treating signals as isolated statistical outliers, the FRG approach models them as ordered domains emerging within a thermalised 
background of fluctuations. This dynamic induces a structural deformation of the spectral geometry. By using the scale-dependent canonical dimension of this geometry as 
a highly sensitive order parameter, we demonstrate how the system undergoes a sharp dimensional phase transition. Expanding upon fundamental formulations, our results 
show that this transition directly correlates with stochastic ergodicity breaking, a spontaneous symmetry breaking in the effective potential, and a measurable deviation of 
eigenvector statistics from the universal Porter-Thomas distribution. Consequently, this enables signal resolution at signal-to-noise thresholds significantly below standard 
limits, even when the underlying data distribution closely follows the Marchenko-Pastur law. Furthermore, we validate the framework on realistic datasets, including those 
typical in computer vision, and critical phenomena, such as the determination of the phase transition temperature in physical systems. The FRG thus provides a rigorous, 
physics-grounded technique for extracting extensive-rank signals in complex datasets.



Friederike Ihssen: Applications of the physics-informed renormalisation group                   Saturday 11:30 AM - 12:00 PM                          

The resolution of strongly correlated systems is a computationally challenging task, which can be simplified enormously by choosing a formulation in terms of the 
appropriate degrees of freedom. Here, we distinguish between transformations of the fundamental degrees of freedom in the path integral, and transformations of mean 
fields. 
Both are incorporated naturally in the renormalisation group approach and appear as dynamic, infinitesimal changes of the field representation with changing scales. A 
historically very prominent use case is dynamic rebosonisation, which implements the Hubbard-Stratonovich transformation throughout the RG flow, but recent 
investigations are studying a wider field of applications. In my talk I will discuss the point of view of the physics-informed RG (PIRG) [1,2], which considers both the 
flow of a generating functional and the flow of the field on equal footing. This pair must fulfill a generalised flow equation and an additional constraint equation that can be 
chosen to suit a specific purpose. Firstly, I we consider the PIRG for microscopic field-transformations [3]. Here, they bridge the gap to generative sampling architectures 
in lattice field theory. Specifically, the optimal transport nature of the RG allows to address long standing problems such as the sign-problem in real-time lattice simulations 
[4]. Secondly, I consider generalised flows of the effective action. Here the PIRG perspective allows to formulate novel optimisation procedures for expansion schemes 
[5,6], or the restoration of gauge symmetries which are explicitly broken by the RG flow [7,8]. 

Generative PIRGs 
  

                encode Normalising Flows 

                              Diffusion Models 

                              Stochastic Quantisation (real and complex Langevin) 

                              Lefschetz thimbles (‘you may seek it with thimbles—and seek it with care’)

…

See also talk Massimiliano Gubinelli,  
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Generative architectures & their problems

‘… and now for something  
completely different…’ 

OOD problem 1: Curse of limited information in training data (extrapolation problem)  

OOD problem 2: Curse of dimensionality
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How to sample efficiently from the distribution?
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and all in between
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Out Of Domain problems!
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OOD problem 1: Curse of limited information in training data (extrapolation problem)  
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Out Of Domain problems!
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<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

What can possibly go wrong?

Why does it not always go wrong?

Probability distribution approximately ‘finite’
<latexit sha1_base64="n2NUyCKtfH9Ua7/WgcMBN8D5gZQ="></latexit>

p(ω) → pCn
(ω)

No use of higher 
<latexit sha1_base64="RaZjsxqjGK53nUdXXQwTfeGzcK8=">AAACKHicbVBNSwMxFMz6WetXq0cvwSJ4Krsi1WOxF48VbC24S8lm39pgkl2SrFLC/g2vevbXeBOv/hKztQetDgSGmfeYl4lzzrTx/Q9vaXlldW29tlHf3Nre2W0094Y6KxSFAc14pkYx0cCZhIFhhsMoV0BEzOEmvu9V/s0DKM0yeW2mOUSC3EmWMkqMk0JrQ0o47pVjWY4bLb/tz4D/kmBOWmiO/rjprYVJRgsB0lBOtL4N/NxElijDKIeyHhYackLvyR3cOiqJAB3Z2dElPnJKgtNMuScNnqk/NywRWk9F7CYFMRO96FXiv552p0wgWYg36XlkmcwLA5J+p6cFxybDVS04YQqo4VNHCFXMfQDTCVGEGldevR5KeKSZEEQmNmSuw9KGVbISlpVVc8FiT3/J8KQddNqdq9NW92LeYQ0doEN0jAJ0hrroEvXRAFGUoyf0jF68V+/Ne/c+vkeXvPnOPvoF7/MLwOunAg==</latexit>

Cn
<latexit sha1_base64="n2NUyCKtfH9Ua7/WgcMBN8D5gZQ="></latexit>

p(ω) → pCn
(ω)

OOD problem 1: Curse of limited information in training data (extrapolation problem)  

Afterburner

Final sampling step with 
<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

Typically done in lattice architectures (and MC codes for LHC)

critical slowing down

Out Of Domain problems!
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General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

What can possibly go wrong?

Why does it not always go wrong?

Probability distribution approximately ‘finite’
<latexit sha1_base64="n2NUyCKtfH9Ua7/WgcMBN8D5gZQ="></latexit>

p(ω) → pCn
(ω)

No use of higher 
<latexit sha1_base64="RaZjsxqjGK53nUdXXQwTfeGzcK8=">AAACKHicbVBNSwMxFMz6WetXq0cvwSJ4Krsi1WOxF48VbC24S8lm39pgkl2SrFLC/g2vevbXeBOv/hKztQetDgSGmfeYl4lzzrTx/Q9vaXlldW29tlHf3Nre2W0094Y6KxSFAc14pkYx0cCZhIFhhsMoV0BEzOEmvu9V/s0DKM0yeW2mOUSC3EmWMkqMk0JrQ0o47pVjWY4bLb/tz4D/kmBOWmiO/rjprYVJRgsB0lBOtL4N/NxElijDKIeyHhYackLvyR3cOiqJAB3Z2dElPnJKgtNMuScNnqk/NywRWk9F7CYFMRO96FXiv552p0wgWYg36XlkmcwLA5J+p6cFxybDVS04YQqo4VNHCFXMfQDTCVGEGldevR5KeKSZEEQmNmSuw9KGVbISlpVVc8FiT3/J8KQddNqdq9NW92LeYQ0doEN0jAJ0hrroEvXRAFGUoyf0jF68V+/Ne/c+vkeXvPnOPvoF7/MLwOunAg==</latexit>

Cn
<latexit sha1_base64="n2NUyCKtfH9Ua7/WgcMBN8D5gZQ="></latexit>

p(ω) → pCn
(ω)

…        Mircacles

OOD problem 1: Curse of limited information in training data (extrapolation problem)  

Afterburner

Final sampling step with 
<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

Typically done in lattice architectures (and MC codes for LHC)

critical slowing down

Out Of Domain problems!
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General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

OOD problem 2: Curse of dimensionality

What can possibly go wrong?

Generative sampling in large dimensional data spaces requires interpolations of high dimensional functions 

interpolations in high dimensions are in the same problem class as extrapolations 

30
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General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

OOD problem 2: Curse of dimensionality

What can possibly go wrong?

Generative sampling in large dimensional data spaces requires interpolations of high dimensional functions 

 Architecture has to encode structural information about the interpolations

interpolations in high dimensions are in the same problem class as extrapolations 

30

Out Of Domain problems!



General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

Architectures (Arc) with analytic access to local and global structures 

Analytic access to reparametrisations

<latexit sha1_base64="54TpWHwjkOiocVATTUIVm33u4Bo="></latexit>

p(ω) → p̃(ε(ω))
<latexit sha1_base64="FKh6aoSLrS0V5zpLCVWnU18JIGo="></latexit>

→ωi1 · · ·ωin↑p = →ωi1 · · ·ωin↑p̃with

Analytic access to extrapolations

Scale transformations

Symmetries
…
.

<latexit sha1_base64="/zWtidwG3yFT0pyJUGbcVSB6MeI="></latexit>

CN+m = CN+m ({Cn<N},Arc)
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General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

Architectures (Arc) with analytic access to local and global structures 

Analytic access to reparametrisations

<latexit sha1_base64="54TpWHwjkOiocVATTUIVm33u4Bo="></latexit>

p(ω) → p̃(ε(ω))
<latexit sha1_base64="FKh6aoSLrS0V5zpLCVWnU18JIGo="></latexit>

→ωi1 · · ·ωin↑p = →ωi1 · · ·ωin↑p̃with

Ren
orm

ali
sa

tio
n G

ro
up

Analytic access to extrapolations

Scale transformations

Symmetries
…
.

<latexit sha1_base64="/zWtidwG3yFT0pyJUGbcVSB6MeI="></latexit>

CN+m = CN+m ({Cn<N},Arc)
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General set-up and some ideas/problems 

Data sets 

<latexit sha1_base64="SrAzP2YbFMQKXxEQR6P5DAbbPeM="></latexit>

{ωi}

Probability distributions

<latexit sha1_base64="XHOTNG7TWpV3McnNWdL/PdH8q1k=">AAACJnicbVBNTwIxFOyiIuIX6NHLRmKCF7JrDHokevGIiXxElpBu9wENbXfTdjFks//Cq579Nd6M8eZPsQscFJykyWTmvczr+BGjSjvOl5Xb2NzKbxd2irt7+weHpfJRW4WxJNAiIQtl18cKGBXQ0lQz6EYSMPcZdPzJbeZ3piAVDcWDnkXQ53gk6JASrI30GFW9KZbRmJ4PShWn5sxhrxN3SSpoieagbOW9ICQxB6EJw0r1XCfS/QRLTQmDtOjFCiJMJngEPUMF5qD6yfzk1D4zSmAPQ2me0PZc/b2RYK7UjPtmkmM9VqteJv7rKXPKGIKVeD287idURLEGQRbpw5jZOrSzUuyASiCazQzBRFLzAZuMscREm+qKRU/AEwk5xyJIPGoaTBMvS5Y8oWlqmnNXe1on7YuaW6/V7y8rjZtlhwV0gk5RFbnoCjXQHWqiFiJIoGf0gl6tN+vd+rA+F6M5a7lzjP7A+v4Bq52l6Q==</latexit>

p(ω)

Architectures (Arc) with analytic access to local and global structures 

Analytic access to reparametrisations

<latexit sha1_base64="54TpWHwjkOiocVATTUIVm33u4Bo="></latexit>

p(ω) → p̃(ε(ω))
<latexit sha1_base64="FKh6aoSLrS0V5zpLCVWnU18JIGo="></latexit>

→ωi1 · · ·ωin↑p = →ωi1 · · ·ωin↑p̃with

Ren
orm

ali
sa

tio
n G

ro
up

Analytic access to extrapolations

Scale transformations

Symmetries
…
.

<latexit sha1_base64="/zWtidwG3yFT0pyJUGbcVSB6MeI="></latexit>

CN+m = CN+m ({Cn<N},Arc)
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Example: Renormalization group flow as optimal transport

Cotler, Rezchikov, PRD 108 (2023) 2, 025003

Wegner, J. Phys. C 7 (1974) 2098

<latexit sha1_base64="HXRgrbWEjjgU0f4U7wWy/Xpvobc="></latexit>

ωtpt(ε) = →
∫

x

ϑ

ϑε(x)

(
ε̇(ε) pt(ε)

)

See also talk Massimiliano Gubinelli,  
Wednesday: 4:10 PM - 4:40 PM32



Example: the inverse renormalisation group

Inverse Renormalization Group in Quantum Field Theory
Bachtis, Aarts, Di Renzo, Lucini, PRL 128 (2022) 8, 081603

Neural Network Renormalization Group
Li, Wang, PRL 121 (2018) 26, 260601

+ 
x

+ 
x + 

x

(b)

Generate In
fe

re
nc

e 

+ 
x

(a)
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Solution Setting: Generative ModelsSampling with RGitectures in lattice field theories

<latexit sha1_base64="HvZAnYAvhnITu5a0GnfucDaX3pg=">AAACC3icbVDJSgNBEO2JW4zbqEcvjUGIlzAjEr0IQS8eI2SDTAg1nU7SpGehuyYQhty9+CtePCji1R/w5t/YWQ6a+KDg8V4VVfX8WAqNjvNtZdbWNza3stu5nd29/QP78Kiuo0QxXmORjFTTB82lCHkNBUrejBWHwJe84Q/vpn5jxJUWUVjFcczbAfRD0RMM0Egd+9SLB4LeUC8AHDCQaXXS8XDAEQreCJQxzzt23ik6M9BV4i5InixQ6dhfXjdiScBDZBK0brlOjO0UFAom+STnJZrHwIbQ5y1DQwi4bqezXyb0zChd2ouUqRDpTP09kUKg9TjwTef0ZL3sTcX/vFaCvet2KsI4QR6y+aJeIilGdBoM7QrFGcqxIcCUMLdSNgAFDE18OROCu/zyKqlfFN1SsfRwmS/fLuLIkhNySgrEJVekTO5JhdQII4/kmbySN+vJerHerY95a8ZazByTP7A+fwBqe5qu</latexit>

� = T✓(')

Continuous NF

Diffusion Models

Many Possible Generative Models

Discrete NF

Flow Matching

Learn the transformation between the two distributions from data

<latexit sha1_base64="XeholK8+GYhqipjPbvS3t0BiGAs=">AAAB+XicdVDLSsNAFJ34rPUVdekmWIS6CYmW2i6EohuXFe0D2hAm00k7dDIJMzeFEvonblwo4tY/ceffOH0gPg9cOJxzL/feEyScKXCcd2NpeWV1bT23kd/c2t7ZNff2mypOJaENEvNYtgOsKGeCNoABp+1EUhwFnLaC4dXUb42oVCwWdzBOqBfhvmAhIxi05JvmrZ/BhTMpdkdYJgN24psFx65WStUzx3JtZ4bfpIAWqPvmW7cXkzSiAgjHSnVcJwEvwxIY4XSS76aKJpgMcZ92NBU4osrLZpdPrGOt9KwwlroEWDP160SGI6XGUaA7IwwD9dObin95nRTCipcxkaRABZkvClNuQWxNY7B6TFICfKwJJpLpWy0ywBIT0GHldQj///5Jmqe2W7bLN6VC7XIRRw4doiNURC46RzV0jeqogQgaoXv0iJ6MzHgwno2XeeuSsZg5QN9gvH4A7+aTOw==</latexit>

St=0(')
<latexit sha1_base64="A6+FejbAAheGLc+YM7mLDRlV7Cc=">AAAB9HicbVDLTgJBEOzFF+IL9ehlIjHBy2YXEfBgQvTiEaM8EtiQ2WGACbMPZ2ZJyIbv8OJBY7z6Md78G2eBGBUr6aRS1Z3uLjfkTCrL+jRSK6tr6xvpzczW9s7uXnb/oCGDSBBaJwEPRMvFknLm07piitNWKCj2XE6b7ug68ZtjKiQL/Hs1Canj4YHP+oxgpSXnrhurS3ua74RDdtrN5izzomIXymcoIaWifY5s05rhm+RggVo3+9HpBSTyqK8Ix1K2bStUToyFYoTTaaYTSRpiMsID2tbUxx6VTjw7eopOtNJD/UDo8hWaqT8nYuxJOfFc3elhNZR/vUT8z2tHql9xYuaHkaI+mS/qRxypACUJoB4TlCg+0QQTwfStiAyxwETpnDI6hKWXl0mjYNols3RbzFWvFnGk4QiOIQ82lKEKN1CDOhB4gEd4hhdjbDwZr8bbvDVlLGYO4ReM9y8yJpHB</latexit>

St=1(�)

RG-time: 
<latexit sha1_base64="QhaWXmnGoOlgmZu6DZZxvnONEzE=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjjZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWZcWrVqqNq3LtNo+jAKdwBhfgwTXU4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A47uNAw==</latexit>

t

<latexit sha1_base64="bEhwbpSdVemxaoxKN/dP4ALkyzw=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTkqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD1EiRgQ==</latexit>

St=1(ω)
<latexit sha1_base64="fxYbKnZP5d2WnWPGx7qpOlynq7s=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTEqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD0r2RgA==</latexit>

St=0(ω)
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Continuum

Renzo Kapust

<latexit sha1_base64="YwQ0FMiqxseLOOfJxf5cI6OzilU="></latexit>

S[ω] =

∫
ddx

[
1

2
ω(x)

(
→ε2

µ +M2
)
ω(x) +

ϑ

4
ω4(x)

]

Lattice

<latexit sha1_base64="wST/KiN0DI2CWltTWXy5NnfQPdM=">AAACDXicbVC7TsMwFHV4lvIKMLJYFCSmKkGosCBVwMDAUCT6kJoochynteo4ke2gVlF/gIVfYWEAIVZ2Nv4Gp80ALUe60tE599r3Hj9hVCrL+jYWFpeWV1ZLa+X1jc2tbXNntyXjVGDSxDGLRcdHkjDKSVNRxUgnEQRFPiNtf3CV++0HIiSN+b0aJcSNUI/TkGKktOSZh9dO0qfwAjqJiAMvGzqUQ+dWPxCgMQxy0xt6ZsWqWhPAeWIXpAIKNDzzywlinEaEK8yQlF3bSpSbIaEoZmRcdlJJEoQHqEe6mnIUEelmk2vG8EgrAQxjoYsrOFF/T2QoknIU+bozQqovZ71c/M/rpio8dzPKk1QRjqcfhSmDKoZ5NDCggmDFRpogLKjeFeI+EggrHWBZh2DPnjxPWidVu1at3Z1W6pdFHCWwDw7AMbDBGaiDG9AATYDBI3gGr+DNeDJejHfjY9q6YBQze+APjM8fi9+bRA==</latexit>

Dω =
∏

x→!

dωxObservables
<latexit sha1_base64="M0S7EnOw3FJa8o3VO0CAtOil6GI="></latexit>

hOi =

Z
D� p(�)O(�)

Sampling with RGitectures in lattice field theories

Bauer, Kapust, JMP, Temmen, SciPost Phys. 19 (2025) 3, 077

<latexit sha1_base64="KFVeF7BrGUzHjTropEzQgsqbE3k="></latexit>

S(ω) =
∑

x→!

[
(1→ 2ε↑)ω2

x + ε↑ω4
x → 2ϑ

∑

µ

ωxωx+µ

]
+ logN
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Jump forward to: Generative RGitectures with PIKs in lattice field theories
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Renzo Kapust

Observables

Sampling with RGitectures in lattice field theories
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Monte Carlo Methods

<latexit sha1_base64="M0S7EnOw3FJa8o3VO0CAtOil6GI="></latexit>

hOi =

Z
D� p(�)O(�)

<latexit sha1_base64="IhmX5s6vS6cgy2pl4dk6TDu2+Wo=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRI9BLx4jmAcma5idTJIhs7PLTK8QlvyFFw+KePVvvPk3TpI9aGJBQ1HVTXdXEEth0HW/nZXVtfWNzdxWfntnd2+/cHDYMFGiGa+zSEa6FVDDpVC8jgIlb8Wa0zCQvBmMbqZ+84lrIyJ1j+OY+yEdKNEXjKKVHjrxUDymJfds0i0U3bI7A1kmXkaKkKHWLXx1ehFLQq6QSWpM23Nj9FOqUTDJJ/lOYnhM2YgOeNtSRUNu/HR28YScWqVH+pG2pZDM1N8TKQ2NGYeB7QwpDs2iNxX/89oJ9q/8VKg4Qa7YfFE/kQQjMn2f9ITmDOXYEsq0sLcSNqSaMrQh5W0I3uLLy6RxXvYq5crdRbF6ncWRg2M4gRJ4cAlVuIUa1IGBgmd4hTfHOC/Ou/Mxb11xspkj+APn8wfNLpBd</latexit>

ω(0)
<latexit sha1_base64="tAb008MqjVuVkrdrPb/J2f1gOf4=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBDiJeyKRI9BLx4jmAcma5idTJIhs7PLTK8QlvyFFw+KePVvvPk3TpI9aGJBQ1HVTXdXEEth0HW/nZXVtfWNzdxWfntnd2+/cHDYMFGiGa+zSEa6FVDDpVC8jgIlb8Wa0zCQvBmMbqZ+84lrIyJ1j+OY+yEdKNEXjKKVHjrxUDymJe9s0i0U3bI7A1kmXkaKkKHWLXx1ehFLQq6QSWpM23Nj9FOqUTDJJ/lOYnhM2YgOeNtSRUNu/HR28YScWqVH+pG2pZDM1N8TKQ2NGYeB7QwpDs2iNxX/89oJ9q/8VKg4Qa7YfFE/kQQjMn2f9ITmDOXYEsq0sLcSNqSaMrQh5W0I3uLLy6RxXvYq5crdRbF6ncWRg2M4gRJ4cAlVuIUa1IGBgmd4hTfHOC/Ou/Mxb11xspkj+APn8wfOtJBe</latexit>

ω(1)
<latexit sha1_base64="awNHePUW4/1vaNI6fo/HrIMP83k=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahHiy7ItVj0YsnqWA/oLuWbJq2odlsSLJCWfo3vHhQxKt/xpv/xrTdg7Y+GHi8N8PMvFBypo3rfju5ldW19Y38ZmFre2d3r7h/0NRxoghtkJjHqh1iTTkTtGGY4bQtFcVRyGkrHN1M/dYTVZrF4sGMJQ0iPBCszwg2VvJ9OWSPafnuzDuddIslt+LOgJaJl5ESZKh3i19+LyZJRIUhHGvd8VxpghQrwwink4KfaCoxGeEB7VgqcER1kM5unqATq/RQP1a2hEEz9fdEiiOtx1FoOyNshnrRm4r/eZ3E9K+ClAmZGCrIfFE/4cjEaBoA6jFFieFjSzBRzN6KyBArTIyNqWBD8BZfXibN84pXrVTvL0q16yyOPBzBMZTBg0uowS3UoQEEJDzDK7w5ifPivDsf89ack80cwh84nz/aGJDt</latexit>

ω(N→1)
<latexit sha1_base64="GfN3ACodBRPpPEp0Pit02OWuXo0=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRahXsquSPVY9OJJKtgPbNeSTbNtaDZZkqxQlv4LLx4U8eq/8ea/MW33oK0PBh7vzTAzL4g508Z1v53cyura+kZ+s7C1vbO7V9w/aGqZKEIbRHKp2gHWlDNBG4YZTtuxojgKOG0Fo+up33qiSjMp7s04pn6EB4KFjGBjpYduPGSPafn2dNIrltyKOwNaJl5GSpCh3it+dfuSJBEVhnCsdcdzY+OnWBlGOJ0UuommMSYjPKAdSwWOqPbT2cUTdGKVPgqlsiUMmqm/J1IcaT2OAtsZYTPUi95U/M/rJCa89FMm4sRQQeaLwoQjI9H0fdRnihLDx5Zgopi9FZEhVpgYG1LBhuAtvrxMmmcVr1qp3p2XaldZHHk4gmMogwcXUIMbqEMDCAh4hld4c7Tz4rw7H/PWnJPNHMIfOJ8/+uKQew==</latexit>

ω(N)…

Correlation length

Autocorrelation time

Critical slowing down

<latexit sha1_base64="v5pTjeZTDNR0LrdrjoWdgKKmPp4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURqW6EohsXXVSwD2hDmEwn7dDJJMxMxBr6JW5cKOLWT3Hn3zhts9DqgXs5nHMvc+cECWdKO86XVVhZXVvfKG6WtrZ3dsv23n5bxakktEViHstugBXlTNCWZprTbiIpjgJOO8H4euZ37qlULBZ3epJQL8JDwUJGsDaSb5f7DwxdItP9BsJ+w7crTtWZA/0lbk4qkKPp25/9QUzSiApNOFaq5zqJ9jIsNSOcTkv9VNEEkzEe0p6hAkdUedn88Ck6NsoAhbE0JTSaqz83MhwpNYkCMxlhPVLL3kz8z+ulOrzwMiaSVFNBFg+FKUc6RrMU0IBJSjSfGIKJZOZWREZYYqJNViUTgrv85b+kfVp1a9Xa7VmlfpXHUYRDOIITcOEc6nADTWgBgRSe4AVerUfr2Xqz3hejBSvfOYBfsD6+ARu0kho=</latexit>

ω = ωLaL

<latexit sha1_base64="/XnXl+jDLj8A5ccQvxK+1zCbCvE=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQi1WXRjTsr2Ac0MdxMJ+3QyYOZiVBCwF9x40IRt36HO//GSZuFth4YOJxzL/fM8RPOpLKsb2NpeWV1bb2yUd3c2t7ZNff2OzJOBaFtEvNY9HyQlLOIthVTnPYSQSH0Oe364+vC7z5SIVkc3atJQt0QhhELGAGlJc88dBSkD5mDc88JQY0I8Ow298yaVbemwIvELkkNlWh55pcziEka0kgRDlL2bStRbgZCMcJpXnVSSRMgYxjSvqYRhFS62TR+jk+0MsBBLPSLFJ6qvzcyCKWchL6eLCLKea8Q//P6qQou3YxFSapoRGaHgpRjFeOiCzxgghLFJ5oAEUxnxWQEAojSjVV1Cfb8lxdJ56xuN+qNu/Na86qso4KO0DE6RTa6QE10g1qojQjK0DN6RW/Gk/FivBsfs9Elo9w5QH9gfP4AggSV3A==</latexit>ω
O

<latexit sha1_base64="5dBQYm8mdUAaNr6+AlmmNCwz5mQ=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0UQhJKIVJdFNy4EK9gHNDFMptN26EwSZiZiDfkIN/6KGxeKuHXhzr9x0mZRWw9cOJxzL/fe40eMSmVZP0ZhYXFpeaW4Wlpb39jcMrd3mjKMBSYNHLJQtH0kCaMBaSiqGGlHgiDuM9LyhxeZ37onQtIwuFWjiLgc9QPaoxgpLXnmkaNQ7DkcqQFGLLlOoSMph84D9a7uksdpJ/XMslWxxoDzxM5JGeSoe+a30w1xzEmgMENSdmwrUm6ChKKYkbTkxJJECA9Rn3Q0DRAn0k3GT6XwQCtd2AuFrkDBsTo9kSAu5Yj7ujO7Uc56mfif14lV78xNaBDFigR4sqgXM6hCmCUEu1QQrNhIE4QF1bdCPEACYaVzLOkQ7NmX50nzuGJXK9Wbk3LtPI+jCPbAPjgENjgFNXAJ6qABMHgCL+ANvBvPxqvxYXxOWgtGPrML/sD4+gXh5J9f</latexit>

ωO → εzOL

similar for topological freezing

<latexit sha1_base64="279G5CLpWGs2/1MOy6gqkVReZE8=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGi/YA2lM120y7dbOLuRCihf8KLB0W8+ne8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXFtRKwecJxwP6IDJULBKFqpfd/pJkPhk16p7FbcGcgy8XJShhz1Xumr249ZGnGFTFJjOp6boJ9RjYJJPil2U8MTykZ0wDuWKhpx42ezeyfk1Cp9EsbalkIyU39PZDQyZhwFtjOiODSL3lT8z+ukGF75mVBJilyx+aIwlQRjMn2e9IXmDOXYEsq0sLcSNqSaMrQRFW0I3uLLy6R5XvGqlerdRbl2ncdRgGM4gTPw4BJqcAt1aAADCc/wCm/Oo/PivDsf89YVJ585gj9wPn8AeBaPnQ==</latexit>

S[ω]

<latexit sha1_base64="FVmuyIcPeoQSMPDkTtUKRVPcrCI=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBDiJeyKRI9BLx4jmgckS5idzCZDZmfXmV4hhPyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXkEhh0HW/nZXVtfWNzdxWfntnd2+/cHDYMHGqGa+zWMa6FVDDpVC8jgIlbyWa0yiQvBkMb6Z+84lrI2L1gKOE+xHtKxEKRtFKrftSJxmIM9ItFN2yOwNZJl5GipCh1i18dXoxSyOukElqTNtzE/THVKNgkk/yndTwhLIh7fO2pYpG3Pjj2b0TcmqVHgljbUshmam/J8Y0MmYUBbYzojgwi95U/M9rpxhe+WOhkhS5YvNFYSoJxmT6POkJzRnKkSWUaWFvJWxANWVoI8rbELzFl5dJ47zsVcqVu4ti9TqLIwfHcAIl8OASqnALNagDAwnP8ApvzqPz4rw7H/PWFSebOYI/cD5/ANqFjzY=</latexit>

S(ω)

Continuum

Lattice
Bauer, Kapust, JMP, Temmen, SciPost Phys. 19 (2025) 3, 077

Wolff Nucl.Phys.B. 17 (1990)
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Field Theory in the Continuum 
<latexit sha1_base64="5j+tjqg7U/6pUOoKO+1tkMQq6Zg=">AAAB+nicbVDLTsJAFJ3iC/FVdOlmIjFx1bSIgDuiG5cY5ZG0DZkOA0yYTpuZqYZUPsWNC41x65e482+cAjEqnmSSk3PuzT1zgphRqWz708itrK6tb+Q3C1vbO7t7ZnG/LaNEYNLCEYtEN0CSMMpJS1HFSDcWBIUBI51gfJn5nTsiJI34rZrExA/RkNMBxUhpqWcWvRCpEUYsvZm6Xjyifs8s2dZ53SnXTmFGqhXnDDqWPcM3KYEFmj3zw+tHOAkJV5ghKV3HjpWfIqEoZmRa8BJJYoTHaEhcTTkKifTTWfQpPNZKHw4ioR9XcKb+3EhRKOUkDPRkFlT+9TLxP89N1KDup5THiSIczw8NEgZVBLMeYJ8KghWbaIKwoDorxCMkEFa6rYIuYenLy6RdtpyqVb2ulBoXizry4BAcgRPggBpogCvQBC2AwT14BM/gxXgwnoxX420+mjMWOwfgF4z3L+zPlHY=</latexit>

S[�]

Field Theory on the Lattice 
<latexit sha1_base64="A6+FejbAAheGLc+YM7mLDRlV7Cc=">AAAB9HicbVDLTgJBEOzFF+IL9ehlIjHBy2YXEfBgQvTiEaM8EtiQ2WGACbMPZ2ZJyIbv8OJBY7z6Md78G2eBGBUr6aRS1Z3uLjfkTCrL+jRSK6tr6xvpzczW9s7uXnb/oCGDSBBaJwEPRMvFknLm07piitNWKCj2XE6b7ug68ZtjKiQL/Hs1Canj4YHP+oxgpSXnrhurS3ua74RDdtrN5izzomIXymcoIaWifY5s05rhm+RggVo3+9HpBSTyqK8Ix1K2bStUToyFYoTTaaYTSRpiMsID2tbUxx6VTjw7eopOtNJD/UDo8hWaqT8nYuxJOfFc3elhNZR/vUT8z2tHql9xYuaHkaI+mS/qRxypACUJoB4TlCg+0QQTwfStiAyxwETpnDI6hKWXl0mjYNols3RbzFWvFnGk4QiOIQ82lKEKN1CDOhB4gEd4hhdjbDwZr8bbvDVlLGYO4ReM9y8yJpHB</latexit>

St=1(�)

<latexit sha1_base64="XeholK8+GYhqipjPbvS3t0BiGAs=">AAAB+XicdVDLSsNAFJ34rPUVdekmWIS6CYmW2i6EohuXFe0D2hAm00k7dDIJMzeFEvonblwo4tY/ceffOH0gPg9cOJxzL/feEyScKXCcd2NpeWV1bT23kd/c2t7ZNff2mypOJaENEvNYtgOsKGeCNoABp+1EUhwFnLaC4dXUb42oVCwWdzBOqBfhvmAhIxi05JvmrZ/BhTMpdkdYJgN24psFx65WStUzx3JtZ4bfpIAWqPvmW7cXkzSiAgjHSnVcJwEvwxIY4XSS76aKJpgMcZ92NBU4osrLZpdPrGOt9KwwlroEWDP160SGI6XGUaA7IwwD9dObin95nRTCipcxkaRABZkvClNuQWxNY7B6TFICfKwJJpLpWy0ywBIT0GHldQj///5Jmqe2W7bLN6VC7XIRRw4doiNURC46RzV0jeqogQgaoXv0iJ6MzHgwno2XeeuSsZg5QN9gvH4A7+aTOw==</latexit>

St=0(') Simple Field Theory on the Lattice 
<latexit sha1_base64="KJ/7XOFmpyJlwri42RABSwuzX7s=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkoiUr0IRS8eK9oPaEPYbDft0s0m7E4KJfSfePGgiFf/iTf/jds2B219MPB4b4aZeUEiuAbH+bYKa+sbm1vF7dLO7t7+gX141NJxqihr0ljEqhMQzQSXrAkcBOskipEoEKwdjO5mfnvMlOaxfIJJwryIDCQPOSVgJN+2H/0MbpxppTcmKhnyc98uO1VnDrxK3JyUUY6Gb3/1+jFNIyaBCqJ113US8DKigFPBpqVeqllC6IgMWNdQSSKmvWx++RSfGaWPw1iZkoDn6u+JjERaT6LAdEYEhnrZm4n/ed0Uwmsv4zJJgUm6WBSmAkOMZzHgPleMgpgYQqji5lZMh0QRCiaskgnBXX55lbQuqm6tWnu4LNdv8ziK6ASdogpy0RWqo3vUQE1E0Rg9o1f0ZmXWi/VufSxaC1Y+c4z+wPr8Abv6kxg=</latexit>

St=0(ω)

Conducting the Continuum Limit

Computing the Transformation between Two Distributions

Solution Setting: Generative Models

Governed by the Renormalisation Group
<latexit sha1_base64="bEhwbpSdVemxaoxKN/dP4ALkyzw=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTkqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD1EiRgQ==</latexit>

St=1(ω)

<latexit sha1_base64="R6NZJRBfro8IfWXRdUIHtG/LsJA=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7QekoWy2m3bpZrPsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8UHKmjet+O6W19Y3NrfJ2ZWd3b/+genjU0UmqCG2ThCeqF2JNORO0bZjhtCcVxXHIaTec3M797hNVmiXi0UwlDWI8EixiBBsrdR/8vhyzYFCtuXU3B1olXkFqUKA1qH71hwlJYyoM4Vhr33OlCTKsDCOczir9VFOJyQSPqG+pwDHVQZafO0NnVhmiKFG2hEG5+nsiw7HW0zi0nTE2Y73szcX/PD810XWQMSFTQwVZLIpSjkyC5r+jIVOUGD61BBPF7K2IjLHCxNiEKjYEb/nlVdK5qHuNeuP+sta8KeIowwmcwjl4cAVNuIMWtIHABJ7hFd4c6bw4787HorXkFDPH8AfO5w8f/o9z</latexit>

S[ω]

<latexit sha1_base64="y9WtHpQ4jnqGi3reRc3lDwyv4xM=">AAAB6XicdVDLSsNAFJ3UV62vqks3g0VwFSY2pnVXdOOyin1AG8pkOmmHTiZhZiKU0D9w40IRt/6RO//GSVtBRQ9cOJxzL/feEyScKY3Qh1VYWV1b3yhulra2d3b3yvsHbRWnktAWiXksuwFWlDNBW5ppTruJpDgKOO0Ek6vc79xTqVgs7vQ0oX6ER4KFjGBtpNv+bFCuILvmuu65C5GNXORVazmpXnh1Fzo2mqMClmgOyu/9YUzSiApNOFaq56BE+xmWmhFOZ6V+qmiCyQSPaM9QgSOq/Gx+6QyeGGUIw1iaEhrO1e8TGY6UmkaB6YywHqvfXi7+5fVSHdb9jIkk1VSQxaIw5VDHMH8bDpmkRPOpIZhIZm6FZIwlJtqEUzIhfH0K/yftM9vxbO/GrTQul3EUwRE4BqfAATXQANegCVqAgBA8gCfwbE2sR+vFel20FqzlzCH4AevtExLhjcA=</latexit>

}
Sampling with RGitectures in lattice field theories (no PIKs)

Bauer, Kapust, JMP, Temmen, SciPost Phys. 19 (2025) 3, 07737



Solution Setting: Generative Models
 Normalising Flow

Free Gaussian Theory Interacting Theory

<latexit sha1_base64="HvZAnYAvhnITu5a0GnfucDaX3pg=">AAACC3icbVDJSgNBEO2JW4zbqEcvjUGIlzAjEr0IQS8eI2SDTAg1nU7SpGehuyYQhty9+CtePCji1R/w5t/YWQ6a+KDg8V4VVfX8WAqNjvNtZdbWNza3stu5nd29/QP78Kiuo0QxXmORjFTTB82lCHkNBUrejBWHwJe84Q/vpn5jxJUWUVjFcczbAfRD0RMM0Egd+9SLB4LeUC8AHDCQaXXS8XDAEQreCJQxzzt23ik6M9BV4i5InixQ6dhfXjdiScBDZBK0brlOjO0UFAom+STnJZrHwIbQ5y1DQwi4bqezXyb0zChd2ouUqRDpTP09kUKg9TjwTef0ZL3sTcX/vFaCvet2KsI4QR6y+aJeIilGdBoM7QrFGcqxIcCUMLdSNgAFDE18OROCu/zyKqlfFN1SsfRwmS/fLuLIkhNySgrEJVekTO5JhdQII4/kmbySN+vJerHerY95a8ZazByTP7A+fwBqe5qu</latexit>

� = T✓(')
<latexit sha1_base64="5bCyd0gYv8CeZMXZW/avxKBuZUk=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZq9XDEkPTLFa/qzeGuEj8nFcjR6Je/egNF05hJpIIY0/W9BIOMaORUsGmplxqWEDomQ9a1VJKYmSCbXzt1z6wycCOlbUl05+rviYzExkzi0HbGBEdm2ZuJ/3ndFKPrIOMySZFJulgUpcJF5c5edwdcM4piYgmhmttbXToimlC0AZVsCP7yy6ukdVH1a9Xa/WWlfpPHUYQTOIVz8OEK6nAHDWgChUd4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/p4mPMw==</latexit>

✓ : (Neural Network) Parameters

<latexit sha1_base64="YuuY05uQBdUqxwsH075rgmwY5pg="></latexit>

DKL(p̃kp) =
Z

D� p̃(�) log
p̃(�)

p(�)
Minimize

<latexit sha1_base64="7zpydDlSLz+0U8IJ6cuH6hcNEPA="></latexit>

p̃t=1(�) = pt=0(') | det JT (')|�1

Sampling with RGitectures in lattice field theories

<latexit sha1_base64="XeholK8+GYhqipjPbvS3t0BiGAs=">AAAB+XicdVDLSsNAFJ34rPUVdekmWIS6CYmW2i6EohuXFe0D2hAm00k7dDIJMzeFEvonblwo4tY/ceffOH0gPg9cOJxzL/feEyScKXCcd2NpeWV1bT23kd/c2t7ZNff2mypOJaENEvNYtgOsKGeCNoABp+1EUhwFnLaC4dXUb42oVCwWdzBOqBfhvmAhIxi05JvmrZ/BhTMpdkdYJgN24psFx65WStUzx3JtZ4bfpIAWqPvmW7cXkzSiAgjHSnVcJwEvwxIY4XSS76aKJpgMcZ92NBU4osrLZpdPrGOt9KwwlroEWDP160SGI6XGUaA7IwwD9dObin95nRTCipcxkaRABZkvClNuQWxNY7B6TFICfKwJJpLpWy0ywBIT0GHldQj///5Jmqe2W7bLN6VC7XIRRw4doiNURC46RzV0jeqogQgaoXv0iJ6MzHgwno2XeeuSsZg5QN9gvH4A7+aTOw==</latexit>

St=0(')
<latexit sha1_base64="A6+FejbAAheGLc+YM7mLDRlV7Cc=">AAAB9HicbVDLTgJBEOzFF+IL9ehlIjHBy2YXEfBgQvTiEaM8EtiQ2WGACbMPZ2ZJyIbv8OJBY7z6Md78G2eBGBUr6aRS1Z3uLjfkTCrL+jRSK6tr6xvpzczW9s7uXnb/oCGDSBBaJwEPRMvFknLm07piitNWKCj2XE6b7ug68ZtjKiQL/Hs1Canj4YHP+oxgpSXnrhurS3ua74RDdtrN5izzomIXymcoIaWifY5s05rhm+RggVo3+9HpBSTyqK8Ix1K2bStUToyFYoTTaaYTSRpiMsID2tbUxx6VTjw7eopOtNJD/UDo8hWaqT8nYuxJOfFc3elhNZR/vUT8z2tHql9xYuaHkaI+mS/qRxypACUJoB4TlCg+0QQTwfStiAyxwETpnDI6hKWXl0mjYNols3RbzFWvFnGk4QiOIQ82lKEKN1CDOhB4gEd4hhdjbDwZr8bbvDVlLGYO4ReM9y8yJpHB</latexit>

St=1(�)

RG-time: 
<latexit sha1_base64="QhaWXmnGoOlgmZu6DZZxvnONEzE=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjjZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWZcWrVqqNq3LtNo+jAKdwBhfgwTXU4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A47uNAw==</latexit>

t

<latexit sha1_base64="bEhwbpSdVemxaoxKN/dP4ALkyzw=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTkqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD1EiRgQ==</latexit>

St=1(ω)
<latexit sha1_base64="fxYbKnZP5d2WnWPGx7qpOlynq7s=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTEqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD0r2RgA==</latexit>

St=0(ω)

Bauer, Kapust, JMP, Temmen, SciPost Phys. 19 (2025) 3, 077

Rezende, Mohamed, arXiv: 1505.05770Lüscher Commun.Math.Phys. 293 (2010)e.g.
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Solution Setting: Generative Models
 Normalising Flow

Free Gaussian Theory Interacting Theory

<latexit sha1_base64="HvZAnYAvhnITu5a0GnfucDaX3pg=">AAACC3icbVDJSgNBEO2JW4zbqEcvjUGIlzAjEr0IQS8eI2SDTAg1nU7SpGehuyYQhty9+CtePCji1R/w5t/YWQ6a+KDg8V4VVfX8WAqNjvNtZdbWNza3stu5nd29/QP78Kiuo0QxXmORjFTTB82lCHkNBUrejBWHwJe84Q/vpn5jxJUWUVjFcczbAfRD0RMM0Egd+9SLB4LeUC8AHDCQaXXS8XDAEQreCJQxzzt23ik6M9BV4i5InixQ6dhfXjdiScBDZBK0brlOjO0UFAom+STnJZrHwIbQ5y1DQwi4bqezXyb0zChd2ouUqRDpTP09kUKg9TjwTef0ZL3sTcX/vFaCvet2KsI4QR6y+aJeIilGdBoM7QrFGcqxIcCUMLdSNgAFDE18OROCu/zyKqlfFN1SsfRwmS/fLuLIkhNySgrEJVekTO5JhdQII4/kmbySN+vJerHerY95a8ZazByTP7A+fwBqe5qu</latexit>

� = T✓(')
<latexit sha1_base64="5bCyd0gYv8CeZMXZW/avxKBuZUk=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZq9XDEkPTLFa/qzeGuEj8nFcjR6Je/egNF05hJpIIY0/W9BIOMaORUsGmplxqWEDomQ9a1VJKYmSCbXzt1z6wycCOlbUl05+rviYzExkzi0HbGBEdm2ZuJ/3ndFKPrIOMySZFJulgUpcJF5c5edwdcM4piYgmhmttbXToimlC0AZVsCP7yy6ukdVH1a9Xa/WWlfpPHUYQTOIVz8OEK6nAHDWgChUd4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/p4mPMw==</latexit>

✓ : (Neural Network) Parameters

<latexit sha1_base64="YuuY05uQBdUqxwsH075rgmwY5pg="></latexit>

DKL(p̃kp) =
Z

D� p̃(�) log
p̃(�)

p(�)
Minimize

<latexit sha1_base64="7zpydDlSLz+0U8IJ6cuH6hcNEPA="></latexit>

p̃t=1(�) = pt=0(') | det JT (')|�1

Sampling with RGitectures in lattice field theories

<latexit sha1_base64="XeholK8+GYhqipjPbvS3t0BiGAs=">AAAB+XicdVDLSsNAFJ34rPUVdekmWIS6CYmW2i6EohuXFe0D2hAm00k7dDIJMzeFEvonblwo4tY/ceffOH0gPg9cOJxzL/feEyScKXCcd2NpeWV1bT23kd/c2t7ZNff2mypOJaENEvNYtgOsKGeCNoABp+1EUhwFnLaC4dXUb42oVCwWdzBOqBfhvmAhIxi05JvmrZ/BhTMpdkdYJgN24psFx65WStUzx3JtZ4bfpIAWqPvmW7cXkzSiAgjHSnVcJwEvwxIY4XSS76aKJpgMcZ92NBU4osrLZpdPrGOt9KwwlroEWDP160SGI6XGUaA7IwwD9dObin95nRTCipcxkaRABZkvClNuQWxNY7B6TFICfKwJJpLpWy0ywBIT0GHldQj///5Jmqe2W7bLN6VC7XIRRw4doiNURC46RzV0jeqogQgaoXv0iJ6MzHgwno2XeeuSsZg5QN9gvH4A7+aTOw==</latexit>

St=0(')
<latexit sha1_base64="A6+FejbAAheGLc+YM7mLDRlV7Cc=">AAAB9HicbVDLTgJBEOzFF+IL9ehlIjHBy2YXEfBgQvTiEaM8EtiQ2WGACbMPZ2ZJyIbv8OJBY7z6Md78G2eBGBUr6aRS1Z3uLjfkTCrL+jRSK6tr6xvpzczW9s7uXnb/oCGDSBBaJwEPRMvFknLm07piitNWKCj2XE6b7ug68ZtjKiQL/Hs1Canj4YHP+oxgpSXnrhurS3ua74RDdtrN5izzomIXymcoIaWifY5s05rhm+RggVo3+9HpBSTyqK8Ix1K2bStUToyFYoTTaaYTSRpiMsID2tbUxx6VTjw7eopOtNJD/UDo8hWaqT8nYuxJOfFc3elhNZR/vUT8z2tHql9xYuaHkaI+mS/qRxypACUJoB4TlCg+0QQTwfStiAyxwETpnDI6hKWXl0mjYNols3RbzFWvFnGk4QiOIQ82lKEKN1CDOhB4gEd4hhdjbDwZr8bbvDVlLGYO4ReM9y8yJpHB</latexit>

St=1(�)

RG-time: 
<latexit sha1_base64="QhaWXmnGoOlgmZu6DZZxvnONEzE=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjjZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWZcWrVqqNq3LtNo+jAKdwBhfgwTXU4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A47uNAw==</latexit>

t

<latexit sha1_base64="bEhwbpSdVemxaoxKN/dP4ALkyzw=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTkqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD1EiRgQ==</latexit>

St=1(ω)
<latexit sha1_base64="fxYbKnZP5d2WnWPGx7qpOlynq7s=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBHqpSQi1YtQ9OKxov2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZ58eCa3Scb2tldW19YzO3ld/e2d3bLxwcNnSUKMrqNBKRavlEM8ElqyNHwVqxYiT0BWv6w9up3xwxpXkkH3EcMy8kfckDTgkayXvopnjtTEqdeMDPuoWiU3ZmsJeJm5EiZKh1C1+dXkSTkEmkgmjddp0YvZQo5FSwSb6TaBYTOiR91jZUkpBpL50dPbFPjdKzg0iZkmjP1N8TKQm1Hoe+6QwJDvSiNxX/89oJBldeymWcIJN0vihIhI2RPU3A7nHFKIqxIYQqbm616YAoQtHklDchuIsvL5PGedmtlCv3F8XqTRZHDo7hBErgwiVU4Q5qUAcKT/AMr/BmjawX6936mLeuWNnMEfyB9fkD0r2RgA==</latexit>

St=0(ω)

Bauer, Kapust, JMP, Temmen, SciPost Phys. 19 (2025) 3, 077

 Super-resolving Normalising Flow with IR-matching

New catch: IR-matching

coarse Fine

Rezende, Mohamed, arXiv: 1505.05770Lüscher Commun.Math.Phys. 293 (2010)e.g.
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Solution Setting: Generative Models

<latexit sha1_base64="fEJySHx0MCySqZt0rG8la7MO6/k=">AAAB+3icjVDLSsNAFJ34rPUV69LNYBFclUSkuiy6cVmhL2hCmEwn7dDJJMzciCXkV9y4UMStP+LOv3HSdqGi4IELh3Pu5R5OmAquwXE+rJXVtfWNzcpWdXtnd2/fPqj1dJIpyro0EYkahEQzwSXrAgfBBqliJA4F64fT69Lv3zGleSI7MEuZH5Ox5BGnBIwU2DUvJjChROSdIvBgwoAEdt1tOHPgv0kdLdEO7HdvlNAsZhKoIFoPXScFPycKOBWsqHqZZimhUzJmQ0MliZn283n2Ap8YZYSjRJmRgOfq14ucxFrP4tBslkn1T68Uf/OGGUSXfs5lmgGTdPEoygSGBJdF4BFXjIKYGUKo4iYrphOiCAVTV/V/JfTOGm6z0bw9r7eulnVU0BE6RqfIRReohW5QG3URRffoAT2hZ6uwHq0X63WxumItbw7RN1hvn30glMA=</latexit>

T✓

<latexit sha1_base64="7hahHsDcGoXs5XsXxXaP2skjOxc=">AAAB7HicjVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGCaQttKJvtpF262YTdiVBLf4MXD4p49Qd589+YfhxUFHww8Hhvhpl5YaqkJdf9cJaWV1bX1gsbxc2t7Z3d0t5+wyaZEeiLRCWmFXKLSmr0SZLCVmqQx6HCZji8mvrNOzRWJvqWRikGMe9rGUnBKZf8zj0S75bKXsWdgf1NyrBAvVt67/QSkcWoSShubdtzUwrG3JAUCifFTmYx5WLI+9jOqeYx2mA8O3bCjnOlx6LE5KWJzdSvE2MeWzuKw7wz5jSwP72p+JvXzii6CMZSpxmhFvNFUaYYJWz6OetJg4LUKCdcGJnfysSAGy4oz6f4vxAapxWvWqnenJVrl4s4CnAIR3ACHpxDDa6hDj4IkPAAT/DsaOfReXFe561LzmLmAL7BefsE8HWOyg==</latexit>

⇣

Noise & Transform Noise & Transform Noise & Transform
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Interacting Coarse Theory Interacting Fine Theory
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g

ª L L

Noise & Transform Noise & Transform
<latexit sha1_base64="Qy5P9oLlK6p+xXg+1iKOdEe0kBU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoQ9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/Nbj6g0T+SDGacYxHQgecQZNVbyu09oaK9ccavuHGSVeDmpQI5Gr/zV7Scsi1EaJqjWHc9NTTChynAmcFrqZhpTykZ0gB1LJY1RB5P5sVNyZpU+iRJlSxoyV39PTGis9TgObWdMzVAvezPxP6+Tmeg6mHCZZgYlWyyKMkFMQmafkz5XyIwYW0KZ4vZWwoZUUWZsPiUbgrf88ippXlS9WrV2f1mp3+RxFOEETuEcPLiCOtxBA3xgwOEZXuHNkc6L8+58LFoLTj5zDH/gfP4A7BCOxw==</latexit>
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Solution Setting: Generative Models
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Scalable Generative Sampling and Multilevel Estimation for Lattice Field Theories Near Criticality
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Singha, Kauffmann, Cellini, Jansen, Nakajima, arXiv:2604.10209

https://arxiv.org/abs/2604.10209


Solution Setting: Generative Models

Hasenfratz, Neil, Parato, Schwartz, arxiv:2608.28581

Renormalization-guided cascade upscaling for lattice field generation
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Solution Setting: Generative ModelsDiffusion Models in Lattice Field Theories

Tan, Aarts, Habibi, Lucini, Wang, arxiv:2607.08505
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Wang, arXiv:2607.21436

Fictitious Time !0 # ∞

Diffusion Models for Sampling Near Criticality in Lattice Field Theories

Stochastic Quantization as Optimal Control
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Physics-informed renormalisation group 

Talk Friederike Ihssen  
Saturday: 11:30 - 12:00

Wegner, J. Phys. C 7 (1974) 2098
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ωtpt(ε) = →
∫

x

ϑ

ϑε(x)

(
ε̇(ε) pt(ε)

)

JMP, Annals Phys. 322 (2007) 2831
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Gω

(
ωt + 2

ϑε̇

ϑε

)
Rω

]

Generative RGitectures PIRGs for the effective action

PIRG & PIKs

Ihssen, JMP

Ihssen, Kapust, JMP
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The VanishingFit the Eighth:

Fit the First: What?

Fit the Third to Fifth: What can Machine Learning do for us?

Fit the Fifth to Seventh: The RG-Structure of Machine Learning

Fit the Second: Machine learning through the fRG looking glass 

Fit the First: What do we want, what should we definitely do and other what’s? 

ML as a tool

4

Coding

Literature search

Polishing

Emulating readers

. .
 . 

. .

Agentic

ML for fRG tasks

 ‘Importance sampling’

Neural solvers

Neural expansion schemes

. .
 . 

. .

Optimisation 

The (f)RG structure of ML

ML as an RG

Structure & Optimisation

Fits

. .
 . 

. .

Generative sampling  
Talk Friederike Ihssen  

Saturday: 11:30 - 12:00

Agentic

a)

b)

Fictitious Time !0 # ∞Generative Functional RG: PIRGs & PIK  
Talk Friederike Ihssen    Saturday: 11:30 - 12:00
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Fit the First: What?

Fit the Third to Fifth: What can Machine Learning do for us?

Fit the Fifth to Seventh: The RG-Structure of Machine Learning

Fit the Second: Machine learning through the fRG looking glass 

Fit the First: What do we want, what should we definitely do and other what’s? 

ML as a tool

4

Coding

Literature search

Polishing

Emulating readers

. .
 . 

. .

Agentic

ML for fRG tasks

 ‘Importance sampling’

Neural solvers

Neural expansion schemes

. .
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. .

Optimisation 

The (f)RG structure of ML

ML as an RG

Structure & Optimisation

Fits

. .
 . 

. .

Generative sampling  
Talk Friederike Ihssen  

Saturday: 11:30 - 12:00

Agentic

a)

b)

Fictitious Time !0 # ∞Generative Functional RG: PIRGs & PIK  
Talk Friederike Ihssen    Saturday: 11:30 - 12:00

 RGitectures are Boojums44



The end
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