
•  Four features capture primary 
internal & orbital halo properties. 

•  Scan over hyperparameters: 

	
•  Dataset: ~20k DMO halos and 556 

Hydro halos from 49 simulations. 

•  Random Forest and Naïve Bayes 
cannot distinguish DMO vs. Hydro 
(mixup technique; 75/25 split): 

•  Train GAN using entire simulations 
as individual data points. 

 
•  Interpolate between simulations in 

latent space. 

•  Generate entire halo trees; replace 
simulations entirely? 
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•  Dark matter halo simulations are 
important, but very expensive! 
Generative models are valuable. 

•  Simple ML algorithms cannot 
distinguish halos from dark matter 
only vs. hydrodynamic simulations.  

•  We develop a GAN to generate halo 
catalogs for zoom-in simulations. 

 
 
 
•  c125-1024, FIRE simulations; list of 

halos + features at each snapshot.  
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•  aacc – time at accretion onto host 
•  Vacc – internal velocity at accretion 
•  aperi – time at pericentric passage 
•  dperi – pericentric distance 
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Grid search: 

MODEL EVALUATION 
•  Evaluation metric: 2-sample KS 

tests vs. true distributions. 
•  Discriminator accuracy near 50%; 

loss functions steadily decrease. 
•  Pre-training generator to match 

mean and std. in each dimension 
improves performance. 

Batch normalization stabilizes GAN: 

Figure: Generator and discriminator evolution. Figure: Discriminator accuracy vs. training iterations. 

•  Even with batch normalization, 
GAN behavior is chaotic; G/D 
complexity/learning rate balance 
prevents mode collapse. 

 
•  Tricky to keep some dimensions at 

an optimum while exploring others. 
 
•  Regions of latent space seem to 

encode individual simulations! 

Discriminator approaches optimum: 

Figure: Generator values for uniform path through latent space. 
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