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Who am I?

SAMSUNG

Live in Warsaw, Poland.

Defended bachelor’s thesis with honors at Warsaw University of
Technology. Thesis title: ‘Efficient Inference in Transformer Models with
Dense to Dynamic-k Mixture-of-Experts Model Conversion’.

Worked 1.5 years as an intern in the Machine Translation Team at
Samsung R&D Institute Poland and 0.5 years as an MLE intern at Al
Clearing (Al-powered construction progress tracking based on drone-
captured data).

Co-organizing ML in PL Conference, one of the biggest ML-oriented
conferences in Poland.

Visited CERN during a high-school trip a few years ago.

In free time: playing the violin and running
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How to make diffusion models faster?*

*while maintaining a high quality of samples



Scalable High-Resolution Pixel-Space Image Synthesis with
Hourglass Diffusion Transformers
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speeding-up diffusion models
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Project outline

1.DDIM sampling (http [/arxiv. org/abs/ZOlo 02502)
2. Progresstre b sHror-HatEr aHEXt-orefabs/2262-06

3.EDM (https://arxiv. org/abs/2206 00364) + ODE solvers (Heun'’s,

)
4. Sptiorat-Consistency Distillation (https://arxiv.org/abs/2303.01469)

v Code: https://gitlab.cern.ch/mpiorczy/diffusion4fastsim
DDIM analysis: https://quiver-cornucopia-fdc.notion.site/DDIM-sampling-b35f60d08b5f4b61b2b075d32bfb97d8


http://arxiv.org/abs/2010.02502
https://arxiv.org/abs/2202.00512
https://arxiv.org/abs/2206.00364
https://arxiv.org/abs/2211.01095
https://arxiv.org/abs/2303.01469
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Updates: Euler, 32 steps
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Updates: Heun, 31 steps
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Updates: LMS (Adams-Bashforth), 32 steps

_e”, 50 GeV, ¢=0.2°, 0=1.57°, SiW e, B0 GeY, 9=0.2°, #=1.57°, SIW

[ Geantd :
1 CaloDiT, EMD: 880.597 | I ] | Y

102}

] Geantd
] CaloDiT, EMD: 0.136

y

][’}5

=]
]

10*}

™ My Ih fi h il

Number of cells
Number of events

101}

109}
o 1 2 3 4 © 44000 46000 48000 50000 52000 | |
logl0(E/MeV) Energy [MeV] |

X107 _ _ _ _ _ _ _ e”. 50 GeV, 6=0.2°, #=1.57°, SiW e, 50 GeV, $=0.2°, #=1.57°, SiW X106 e, 50 GeV, 6=0.2°, =1.57", SiW

.
Sl

] Geantd |
—— CaloDiT, EMD: 0.203 |

]

] Geantd 3.0t g . - - - - . ’ ) - : - - | N
—— CaloDiT, EMD: 0.002 | | 3.5

o5
=]
[
n
o

g I
= o
= i
o =

an

Deposited energy [MeV]

Deposited energy [MeV]

=
an

| Geant4 | o5
—— CaleDiT, EMD: 0.015 I

0.0 - - - : - : : : - 'oo0
L0 ' ' ' ' ' ' ' 1 1.00f

0.99 g |.2 000 —

AL10
AL10

\
|
|
Hat

0.98 0.98

Rat
b
\
\
\
f/
|\
1
}
{\
\
S
(
\
\\
3\
|I|I
N

z index

rindex ¥ index



Updates: Euler, 256 steps
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Updates: Heun, 255 steps
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Updates: LMS (Adams-Bashforth), 256 steps
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Next steps

1.Investigate why the model is underfitting (total event energy distribution, cell log-energy
distribution)

2.Fix training with uniform energy distribution

3.Finnish the implementation of DPM-Solver++



