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Hyperparameter (HP) optimization

● Search for a schedule of HPs

● Bandit optimization, 
hypergradients, 
Population Based Training (PBT) 
variants, …

Static Dynamic

● Search for fixed HPs

● Bayesian optimization (e.g., 
HEBO), ASHA, SMAC, …
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What makes PBT interesting?

● PBT optimizes a schedule of hyperparameters, not a fixed value

● PBT can run within the wall-clock time of a single training of a model

● PBT is general: not restricted to a specific hyperparameter or setting
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How PBT works

● Key idea 1: optimize hyperparameter during training

○ Update weights by making inner steps (e.g., SGD)

○ Update hyperparameters

○ Repeat
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How PBT works

● Key idea 2: leverage a population

○ Many pairs of (HPs, weights) 
trained in parallel

○ Remove poor HPs & weights

○ Propagate good weights, 
explore HPs
■ via random perturbation (or 

Bayesian Optimization (BO) 
in later variants) 5



Weakness of PBT variants - setting outer step size

● Previous work: outer step size can strongly impact 
performance of PBT variants

● If several step sizes have to be tried, the benefits of the 
PBT variants diminish
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Weakness of PBT variants - setting outer step size

● Previous work: outer step size can strongly impact 
performance of PBT variants

● If several step sizes have to be tried, the benefits of the 
PBT variants diminish

● We introduce Iterated PBT (IPBT) to address this
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IPBT

● Built atop the BO approach of 
BG-PBT
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IPBT

● Built atop the BO approach of 
BG-PBT

● Run until stagnation is detected 
○ smooth & normalize
○ criteria to check if improvement 

is absent or too slow
■ (data-driven, task-agnostic)

9Example trajectories: (a) improving (b) stagnant



● Built atop the BO approach of 
BG-PBT

● Run until stagnation is detected

●

IPBT
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● Reuse information

○ Weights: shrink-perturb

○ HPs: meta-BO on the level of restarts

○ (and partial random reinit for both)

Ash, Jordan T., & Ryan P. Adams. 2020. On Warm-Starting Neural Network Training. In NeurIPS 2020



● Built atop the BO approach of 
BG-PBT

● Run until stagnation is detected

● Reuse information

● Restart

IPBT
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Experimental setup

● Follow the previous setup used for benchmarking PBT variants

● Classification: 4 tasks (ResNet-12 with CIFAR-10/100, Fashion-MNIST; 
ConvNeXt-T with Tiny ImageNet); 5 HPs

● Reinforcement Learning (RL): 4 tasks (PPO on Brax  Humanoid, Hopper, 
Pusher, Walker); 10 HPs

● Budget: 8 full training runs

● 8 seeds
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IPBT outperforms/matches baselines
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● Inter-quartile mean, inter-quartile 
ranges across all tasks and seeds

Untuned PBT variants (same cost as IPBT):

Non-PBT baselines &
tuned PBT variants (4x cost of IPBT):

Agarwal, Rishabh, et al. 2021. Deep Reinforcement Learning at the Edge of the Statistical Precipice. In NeurIPS 2021



IPBT ablations: components matter
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IPBT discovers schedules for HPs beyond learning rate
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