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Who am I?

e Live in Warsaw, Poland.

e 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’.

e 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).

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

e Visited CERN during a high-school trip a few years ago.
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Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

score function

dx = [f (x,t) — g* (t)kx log p; (x)]} dt + g(t)dw

Reverse SDE (noise — data)




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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Diffusion models have significantly advanced the
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sample quality. They also support zero-shot data for generative modeling. Models of these mappings are



speeding-up diffusion models

model architecture diffusion process
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Project outline

1.DDIM sampling (http://arxiv.org/abs/2010.02502)
2.Progressive Distillation (https://arxiv.org/abs/2202.00512)
3.EDM (https://arxiv.org/abs/2206.00364) + ODE solvers (Heun’s, DPM++

(https://arxiv.org/abs/2211.01095))
4.0ptional: Consistency Distillation (https://arxiv.org/abs/2303.01469)

v Code: https://gitlab.cern.ch/mpiorczy/diffusion4fastsim


http://arxiv.org/abs/2010.02502
https://arxiv.org/abs/2202.00512
https://arxiv.org/abs/2206.00364
https://arxiv.org/abs/2211.01095
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First results, DDPM
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irst results, DDIM (eta = 0.0)
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iIrst results,

~, 50 [GeV], 0.2°, SiW
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irst results, DDIM (eta =1.0)
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First results, DDPM
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Next steps

1.Broader evaluation of DDIM

2.5trided sampling with DDPM (https://arxiv.org/abs/2102.09672)

3.(Maybe) Investigate if it’s not beneficial to train the model with a higher number of
diffusion steps during the training and sample with a similar number of steps during the

inference. l.e. if T=1000/4000, S =200 better than T =400, S =2007
4.Progressive Distillation



https://arxiv.org/abs/2102.09672

