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[1TnaH cemunHapa

= KOHTeKcT: oT bonblion 3aaa4un pu3nKKM K bonblion 3agave ML (XAl)

" MopaenbHble 3a4a4M N OCHOBHbIEe TPYAHOCTH:
e AHaNn3 BEpPOATHOCTHbIX pacnpeaeneHun (laser-particle collider)
e AHa/NM3 AaHHbIX CTOXacTuyeckmx npoueccos (laser-plasma converter)
e OnpepeneHne TpyaHomamepmumbix napametpos (fine-tuning of tight focusing)

= HanpasBneHuA pa3BuUTHA



Context: from grand challenge in physics to grand challenge in ML
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Concept of fundamental experiments:
1. Reach high intensity

1*. Use laser-plasma converter

2. Expand model: quantified deviations
3. Find favorable layout

4. Infer deviations from experiment

Olofsson & Gonoskov: (preprint in autumn 2021)

theory diverges
e+

mirror

tight focusing

Role of ML:

a. Assisting 1, 1*and 4
(automation)

b. Elimination of latent
variables

c. Accelerated
convergence of ABC

electromagnetic pulse source
(laser or laser-plasma converter)

particle beam source
(accelerator)

-~ -

Difficulties (role of XAl):
e Quantify errors

e Reach and quantify
generalization capabilities

e Combat differences between
simulated and real data

e Learn from ML results



The layout of an inverse problem

latent parameters

0
parameters to be
determined/verified

ABC: for each x,: (z;,0; ) ~ n(z, 8), simulate x;(z;, 0; ),
summary statistics s(x), accept if K(S(xl-), S(xe)) < h.

Problem: Infer 8 from experimental data
Approaches and difficulties:

1. ML: explanation and reliability (XAl is needed); irreversibility due to probabilistic or/and
stochastic nature of the process; difference between experiment and simulation

2. Approximate Bayesian Computation (ABC): large dimensionality of x and z make the
likelihood function intractable (requires integration over all possible outcomes)

3. ABC+ML (elimination of z): error quantification (7*(z, z*))



Similar problem statements appear in many areas
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Credits: Gilles Louppe, Machine Learning and Physics Series, 2019



The role of XAl

complexity

Incremental improvements:
= Achieve narrower distribution of errors stochastic
= Quantify upper limits for error distribution

= |dentify reliable cutoffs

Game-changing improvements:
= Generalizability (simulations — experiment)
= QOvercoming irreversibility (detect, explain)

= Reliability (retrieve sufficient summary

statistics; identify indicative features) deterministic

Methodology:

A

laser-plasma
converter

laser-particle

collider (1D) Tight
focusing

>
output

dimensionality

1. Identify ML models tolerant to noise (varied by binning strategy): use noise to enhance generalizability.

2. Transfer learning: (1) pre-train using simplified analytical models (uncostly data) to accentuate
indicative features; (2) generalize using ab-initio simulations (cheap data); (3) fine-tune using actual

experiment (expensive data).

3. Identify features by visualizing the direction of maximized change of an output parameter.



Problem 1: motivation

= Suppose we train an ML model to infer the amplitude
and variance of a given Gaussian distribution.

= The are many solutions, e.g. the amplitude can be
inferred directly from the value at center, and the
variance via the value at a single off-center point.

= However this solution doesn’t reflect the idea of
amplitude and variance and may work poorly for
experimental data.

= Hypothesis: by adding noise to the training data we can
favor learning more “integral” properties, because they
are more tolerant to noise.

Concept:

= The level of noise can be naturally controlled by size of
the bins (the size of the input vector)

= |nappropriate noise level (size of input vector) can cause
deterioration of ML training process. Thus M|l models
tolerant to noise are favorable.

trained w/o noise trained with noise
1_
0.5
0- L — —
0 0.5 10 0.5

Normalized amplitude, p,
Gonoskov et al. SciRep 9, 7043 (2019)



Problem 1: problem statement

dN
Laser pulse 1 — Initial spectrum
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Electron bunch

CNN

£ Yomc?

= We simulate head-on collision of an ultra-intense laser pulse with an
electron bunch (hi-y framework).

= \We obtain electron energy distribution.

= QObtained distributions are used as an input for different ML methods that
are trained to determine dimensionless amplitude of the laser pulse ay.

= \We varied the bin size to determine tolerance of ML models to noise.

Y. Rodimkov et al. ML-Based Analysis of Particle Distributions in High-Intensity
Laser Experiments: Role of Binning Strategy, Entropy, 23 (1), 21 (2020)



Problem 1: results SvM GET
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= Non-optimal binning can crucially
deteriorate the performance of
SVM and GBT, and, to a less extent,
FCNN and CNN.

= PCA (linear) can reduce training
time at the cost of minor accuracy
deterioration, but doesn’t provide
higher accuracy overall.

number of bins
number of bins

Accuracy (percentage of the mean relative error)




Problem 2: motivation

Straightforward routine: Transfer learning:

Data set 3

Concept:

= pre-train using simplified analytical models (uncostly data)
to accentuate indicative features

= generalize using ab-initio simulations (cheap data)

» fine-tune using actual experiment (expensive data).



Problem 2: problem statement

Process: An intense few-cycle laser pulse with some carrier envelope phase (CEP)
impinges on an overdense plasma target at some incidence angle and causes the
generation of secondary radiation.

OVera..
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Problem: infer CEP, pre-plasma scale length and angle of incidence from the Laser pulse 0\
spectrum of secondary emission (the only routinely measurable data). ==
Spectral interferometry (works only for 2-3 cycle pulses, known parameters): b
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D. Kormin et al. Nat. Comm. 9, 4992 (2018) y
Goals:
= use ML to learn more general features ) .
(reconstruct more parameters) ' S
= apply transfer learning to reach applicability for experimental data ) J e
RES (~1 ms per simulation), PIC (~ 1 min, ~ 10° cases), experiment (~ 103 cases)

= determine (highlight?) indicative features ormonconden (e
Gonoskov et al., Sci. Rep. 9 (1), 1-15 (2019)

RES model: Gonoskov, Phys. Plasmas (2018)



Problem 2: results, FCNN

O6yuyeHMne NONHOCBA3HOW HEUPOHHOMU CeTH

BoccTtaHoBNneHMe napameTpoB Ha OCHOBE CNeKTpa NPOBOAUNOCH C MOMOLLbIO NOJIHOCBA3HOM dPXUTEKTYPDLI

HEMPOHHOM CETU C KOIMYEeCTBOM HEMPOHOB Ha Kaxkaom cnoe: 1024, 512, 256, 256, 128, 32, 16 ¢ dyHKUMAMMU
akTMBauum RelLU. lMocneaHuin cnom cogepran Tpy HEMPOHA C IMHENHOWN GyHKUMEN aKTuBaumMn. HempoHHas
ceTb obyyanacb 400 anox. Ucnonb3oBanca ontummuzatop Adam. MapameTp CKOPOCTM 0OYyHYEHUA M3HAYANBHO
6b1n paBeH 0,005, a nocne 250 anoxu yMmeHbLIaACca YMHOKeHnemM Ha KoadduumneHT 0,99 nocne Kaxaon anoxu.
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Metpuka Deep Oine L,
OTHOCUTEeNbHanA
owunbKa B 4.076 1.968 5.851
npoLeHTax
Koagduunent 0.947 0.990 0.894




Problem 2: results, PCA + FCNN

3aBUCMMOCTE TOYHOCTKM OT HMCNA MNMaBHbIX KOMMOHEHT

-

0.90

B KauecTBe oNTMMaNbHOro pesysbraTa bbin paccmoTpeH
BapMaHT Ucnonb3oBaHMA 10 rnaBHbIX KOMMNOHEHT. [nA
AAHHOTO YMcia HOBbIX NPU3HAKOB Oblsla Npon3BeaeHa TOHKaA
HACTPOMKA HEMPOHHOMN CETU, B pe3ynbTaTe KoTopon bbina
BbIOpaHa NO/IHOCBA3HAA MOAE/b CETU C YNC/IOM HEMPOHOB Ha
Kaxaom cnoe: 512, 256, 256, 256,128, 32, 16 c pyHKUMAMMU
akTmBaumm RelLU. HepoHHas ceTb obyyanacb 300 anox.
MapameTp ckopocTn 0byyeHns naHavanbHo bbin paseH 0,005.

0.85

0.80

0.75

KO3 UUNEHT geTepMUHALIWK

0.70

0.65

0 40 B0 B0 100 120
KOMMYECTBO FNABHbLIX KOMMOHEHT KOMMOHEHT

MeTtpuka Deep Oine L,
LI CALRES 3.807 1.847 5.364
Ol.l.lM6Ka B NpoueHTax
Koagouument 0.957 0.989 0.916

AeTepMUHaLun



Problem 2: results, pruning, pre-processing (filtering)

Pruning

Ncnonb3oBasics BeCb CNEKTP (He TONbKO rnaBHble KOMNOHeHTbI). CeTb 0byyanach C TaKUMM e NapameTpamu,
Noc/ie Yero NPOXoAnao0 AONOIHUTENbHOE 0b0y4YeHMe ceTu. B xoae gononHutenbHbix 200 anox Masnbie 3HaYeHUs
obpalanuncb B HONb, a ApYyrve AOHACTPanBaAUCh ANS PELUEHUA NOCTaBAEHHOM 3a4a4mM. Takum obpasom, 80
NPOLEHTOB BECOB Ha KaxKA0M cioe 6bi10 06palleHOo B HOAb.

Mertpuka PDeep Oinc L,
OTHOCUTENbHaA 3,663 1938 5,622
owmnbKa B npoueHTax
Koagpuument 0.959 0.990 0.902
AeTepMuHaLmmn

Filtering of input data
CNnoXXHOCTb CTPYKTYPbI UCCIeQyeMbIX CNEKTPOB NOATA/IKMBAET HA NAEH MCNOJIb30BaHUA GUALTPOB LMPPOBOM
06paboTKM cnrHanos. A 3Toro Mcnoab3oBanca GpuabTp ¢ 6ECKOHEYHOM MMMNYNbCHOM XapaKTepucTtnkon batrepsopra.

Mertpuka PDeep Oinc L,
OTHOCUTENnbHaA 3186 1544 4,848
owmnbKa B NnpoueHTax
Koabuument 0.963 0.993 0.924

heTepMUHaLUm



Problem 2: summary of results

0.970 4

Intermediate conclusion: 0363 |

= Use of PCA, pruning and data pre-
processing can increase accuracy,
but not dramatically.

0.960 4

Plans:

= |dentify whether the FCNN pre-
trained by analytical model can
achieve better performance on the
data of numerical experiments.

= Consider ML models trained either 0945
only by simulations or by analytical
model and then simulations.
Measure performance of these ML
models on real experimental data.

01955 4

0.950 4

Ko3hpuumeHT aeTepMUHaUnK

0.940 4

0.935 4

FCNN PCA Pruning FCNN Filtered data + FCNN



Problem 3: motivation

Dealing with high-dimensional output vectors is practically valuable because:

= one can mitigate difference between simulated and real data by augmenting numerical model
with extra parameters that mimic/model variety or secondary factors.

= complex problems and experiments naturally include many parameters.
Difficulties:

= The multidimensional space of output parameters is difficult to inspect: it can be difficult to
guarantee absence of sub-manifolds where the inverse problem is ill-posed or unstable
(irreversibility, stochasticity, saddle points, etc.).

= |f a good result of ML model is achieved, one can expect that the problem is “separable”, but it
is unclear how to get related insight from the ML model.

Traditional solution:

= Understand what cases are indistinguishable or difficult for distinguishing and
redefine/restrict output vectors or extend the input vectors accordingly.

Potential solution by XAl:

= For input vectors highlight the gradients that are optimal for changing output parameters.
This can help to see the indicative features and also understand where and why these features
becomes inefficient in certain cases (sub-manifolds where the inverse problem is ill-posed).



Problem 3: problem statement

N \ intensity  phase Phase deviations decrease peak field

distribution  distribution amplitude and affect its structure:
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E. Panova et al. Appl. Sci., 11, 956 (2021)
Broad spectrum (spans over w; < wg < w,) causes further complications: A i
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G. Pariente et al. Nature Photonics 10, 547-553 (2016)
To reduce the costs and overcome limitations (tight focusing!) we intend to employ ML:

= infer angles of phase tills (for three frequencies) and their orientations from intensity distribution at the focus
= suggest optimal/automated tuning of adaptive optics



Problem 3: results

[ns peweHunna 3aga4m bbina BbibpaHa Knaccuyeckas Moaesib KomnbioTepHoro 3peHuna VGG-noaobHas.
Ocob6eHHOCTbIO 3TOM apXUTEKTYPbI ABASIETCA UCMO/Ib30BaHUE BNOKOB U3 ABYX NOAPSA, CBEPTOUYHbIX C0EB
M nocneayoLen onepaunm NyinHra, Nocae HeECKObKMX TaKUX 610KOB UCMOJIb3yeTcAa HECKO/IbKO
MOJIHOCBSA3HbIX C/I0EB. B AaHHOM paboTe apxuTeKkTypa cocToana u3 Tpex 6/10KoB CO CBEPTOUYHbIMU C/IOAMM
N NYANHIOM. Pa3mep cBepPTOK Obin paBeH Tpem. KonmyecTBo CBEPTOK CBEPTOK Ha nepBom B/10Ke 6b1n10

paBHO 64, Ha BTopom 128, Ha nocnegHem 256. [locne, nayT TPy NOAHOCBA3HbIX C/10A C KO/IMYECTBOM
HenpoHoB 128, 64, 32, dyHKUMA akTuBaumm RelU.

KocuHyc KocuHyc KocuHyc MWUMHTEeHcM WMHTeHcu
MeTpuka HaKNOH1l HAKNOH2 HaKAOH 3

yrnal yrna 3 yrna 3 BHOCTb2 BHOCTb 3
CpeaHAan

oTHocutenbHaa  11.316 13.699 10.203 12.464 12.518 12.072 11.441 10.411

owunbKa

KoadppuumeHr

0.919 0.861 0.921 0.736 0.677 0.715 0.946 0.955
AeTepMUHaLUm



results

Problem 3

bonee getanbHoe pPaCCMOTpPEHNE YKa3biBaeT Ha NoAB/1EHUE
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Summary, intentions and open questions

Problem 1 (laser-particle collider):

Tolerance of FCNN and CNN to noise suggests that the noise can be used to enhance generalizability.
What would mean the application of non-linear PCA for this problem?

Problem 2 (laser-matter converter):

Use of PCA, pruning and data pre-processing can increase accuracy, but not dramatically.

We intend to identify whether the FCNN pre-trained by analytical model can achieve better performance.

We intend to use transfer learning to enforce generalizability and to mitigate transition to real experimental data.
Are there any XAl concepts relevant to combating the difficulties with stochasticity.

Problem 3 (tight focusing):

One can subdivide parameter space for better learning and use ML to identify the specialization region.

Can one automate this process?

One can use (Y¢i1r €OS @, Y4ir Sin @) instead of (Ye¢, @) or corresponding loss function. Can one automate the
search of such replacements?

We intend to identify features by visualizing the direction of maximized change of an output parameter (via
backward gradient propagation). Is it sensible? Are there better ways?

Can one apply non-linear PCA to the accuracy levels in multidimensional space of parameters in order to
explain/visualize, where the problem is ill-posed?



