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https://www-d0.fnal.gov/Run2Physics/top/public/winter05/singletop/plain_english_summary/
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https://www-d0.fnal.gov/Run2Physics/top/top_public_web_pages/top_feynman_diagrams.html
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https://www.bnl.gov/ATLAS/
https://atlas.cern/discover/detector
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Want:

Signal Event, #119225
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Images: Fermilab
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https://www-d0.fnal.gov/Run2Physics/top/top_public_web_pages/top_feynman_diagrams.html
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https://www-d0.fnal.gov/Run2Physics/top/top_public_web_pages/top_feynman_diagrams.html
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Effects of Clustering
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Takeaways:
* ML is critical



Takeaways:
* ML is critical
* We can inject physics into analysis



Takeaways:

* ML is critical

* We can inject physics into analysis
* But it doesn’t necessarily help!
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Thanks!

- Alison Lister and Colin Gay of UBC ATLAS.
- Past students Kevin Zhang, Daniel Hortela, Shannon Egan, Jannicke
Pearkes.
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Overview
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A. Butter et al. The Machine Learning
Landscape of Top Taggers. 2019.
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What kind of neural network?
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Stack-augmented Parser Interpreter (SPINN)
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https://colah.github.io/posts/2015-08-Understanding-LSTMs/

Loss in Time Rejection at Eff 20%
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(2] Samuel R. Bowman, Jon Gauthier, Abhinav Rastogi, Raghav Gupta,
Christopher D. Manning, and Christopher Potts. A [ast unified model for
parsing and sentence understanding. CoRR, abs/1603.06021, 2016.

(3] A. Butter et al. The Machine Learning Landscape of Top Taggers. 2019,
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Paper for reference

- Bowman et al.: A Fast Unified Model for Parsing and Sentence
Understanding https://nlp.stanford.edu/pubs/bowman2016spinn.pdf
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https://nlp.stanford.edu/pubs/bowman2016spinn.pdf
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