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Motivation: ECCE Detector Design
1  MOTIVATION & INTRO

• Domain: 11+ parameters (location of tracking layers, etc.)


• Multiple objectives:


• resolution (momentum, polar angular)


• efficiency


• cost


• …


• Constraints on geometry (to avoid overlap)


• Evaluating objectives requires computationally 
expensive simulation for each design point 
(parameter configuration)

Adkins et al. Design of the ECCE Detector for the Electron Ion Collider. ArXiv 2022.

https://ai4eicdetopt.pythonanywhere.com/

Goal: Explore a complex design space to optimally trade off multiple competing 
objectives that are computationally expensive-to-evaluate.



Motivation: Vehicle Design Optimization
1  MOTIVATION & INTRO

• Domain: 222 parameters (properties of structural parts)


• Goals:


• minimize total vehicle mass of three vehicles (Mazda 3, 6, CX-5)


• maximize number of parts shared across vehicles


• satisfy 54 black-box outcome constraints (performance & safety requirements)


• Evaluation requires solving a complex physics simulation


• Originally solved on the (at the time) world’s fastest super computer in >3,000 CPU years


T. Kohira et al. Proposal of benchmark problem based on real-world car structure design optimization. GECCO 2018.

56 outcomes



1  MOTIVATION & INTRO

 
 

Hot Take: 
 

Every optimization problem is fundamentally 
a multi-objective optimization problem.
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2	    Background



Typical surrogate: Gaussian Process (GP)


• Defines a distribution over functions:


• Covariance function, e.g. 

Bayesian Optimization (BO)
2  BACKGROUND

• Goal: Sample-efficient optimization of “black-box” function: 

, where    is expensive to evaluate, w/o gradients


• Strategy: Leverage


﹘ a probabilistic surrogate model   


﹘ an acquisition function    to guide exploration


maxx∈𝕏 f(x) f

̂f

x ↦ α( ̂f(x))

draws from the prior draws from the posterior
lengthscale  measures the 
distance for being uncorrelated along 

ℓi
xi



Multi-Objective Optimization (MOO)
2  BACKGROUND

• Goal: Optimize a vector-valued black-box function .


﹘ Typically, no single best solution that simultaneously maximizes all objectives exists.


﹘ Instead, we identify the Pareto frontier of optimal trade-offs


• Various approaches:


﹘ Domain-specific heuristics


﹘ Evolutionary algorithms (e.g. NSGA-II)


﹘Multi-Objective BO (MOBO)


﹘ via random scalarizations (e.g. ParEGO)


﹘ Information-theoretic acquisition functions


﹘ based on hypervolume improvement

f(x) = ( f (1)(x), . . . , f (m)(x))

Possible 
outcomes

Pareto-optimal outcomes 
(assuming maximization)

offers superior sample-efficiency



Expected Hypervolume Improvement
2  BACKGROUND

• Hypervolume (HV): Measure of the quality of a Pareto frontier


﹘ Volume dominated by the Pareto frontier and bounded by a reference point 


﹘ Larger HV -> better Pareto frontier


• Hypervolume improvement: increase in HV from a new point or set of points 

r

S. Daulton, M. Balandat, E. Bakshy. Differentiable Expected Hypervolume Improvement for parallel multi-objective Bayesian optimization. NeurIPS 2020.

S. Daulton, M. Balandat, E. Bakshy. Parallel Bayesian optimization of multiple noisy objectives with expected hypervolume improvement. NeurIPS 2021.

• q-Expected Hypervolume Improvement (qEHVI)


﹘ One-step Bayes-optimal acquisition function for HV criterion


﹘ Computes the expected increase in HV under the posterior distribution of 
the surrogate model

• q-Noisy Expected Hypervolume Improvement (qNEHVI)


﹘ Like qEHVI, but integrates over uncertainty about the value of noisy observations

Default in Ax & 

BoTorch



3	    Applications



Application Areas (non-exhaustive)
3  APPLICATIONS

• AutoML


﹘e.g. Hyperparameter Optimization, Neural Architecture Search, Inference optimization


• Infrastructure Optimization


﹘e.g. tuning parameters of large distributed systems, optimizing fiber backend networks


• Sequential Experimentation in large-scale online A/B tests


• Chemistry & Material Science


﹘e.g. process optimization, Automated Chemical Design, material discovery


• Engineering / Simulation Optimization


﹘e.g. design of optical systems for augmented reality (AR) see-through displays


• Health Sciences (Medicine, Neuroscience)


• … 



Research built on Ax & BoTorch
3  APPLICATIONS



4	    Tutorial: Hands-on Examples



The Ax & BoTorch Tech Stack
4  HANDS -ON EXAMPLES

All-in-one blackbox optimization

• High-level APIs

• Storage backend

• Scheduling capabilities

• …

Bayesian Optimization research

• Modular / composable / extensible

Gaussian Process research

• Scalable GP models

• GPU acceleration

Developed & maintained by the 
Adaptive Experimentation team

Co-maintained by the 
Adaptive Experimentation team

Part or the Linux Foundation 
(technical governance: Meta)



Ax APIs: Service
4  HANDS -ON EXAMPLES

from ax.service.ax_client import AxClient

from ax.utils.measurement.synthetic_functions import branin


ax_client = AxClient()

ax_client.create_experiment(

    name="branin_test_experiment",

    parameters=[

        {

            "name": "x1",

            "type": "range",

            "bounds": [-5.0, 10.0],

        },

        {

            "name": "x2",

            "type": "range",

            "bounds": [0.0, 10.0],

        },

    ],

    objective_name="branin",

    minimize=True,

)


for _ in range(15):

    parameters, trial_index = ax_client.get_next_trial() 
    result = branin(parameters["x1"], parameters["x2"])

    ax_client.complete_trial(

        trial_index=trial_index,

        raw_data= result,

    )


best_parameters, metrics = ax_client.get_best_parameters()


• Ask-tell interface


• Simple yet powerful


• Scheduling & Evaluation of trials is 
responsibility of the user


• Should be the go-to if additional 
advanced scheduling / deployment 
functionalities are not required

Here is where we 
evaluate  f

(synthetic) black-
box function   f

Inferred to be “float”. 
Can also define integer or 
categorical parameters.



Ax APIs: Developer
4  HANDS -ON EXAMPLES from ax import *


class MockRunner(Runner):

    def run(self, trial):

        return {"name": str(trial.index)}


search_space = SearchSpace(

    parameters=[

        RangeParameter(

            name="x1", parameter_type=ParameterType.FLOAT, lower=-5, upper=10

        ),

        RangeParameter(

            name="x2", parameter_type=ParameterType.FLOAT, lower=0, upper=15

        ),

    ]

)

exp = Experiment(

    name="test_branin",

    search_space=search_space,

    optimization_config=OptimizationConfig(

        objective=Objective(

            metric=BraninMetric(name="branin", param_names=["x1", "x2"]),

            minimize=True,

        ),

    ),

    runner=MockRunner(),

)


sobol = Models.SOBOL(exp.search_space)

for _ in range(5):

    trial = exp.new_trial(generator_run=sobol.gen(n=1))

    trial.run()

    trial.mark_completed()


for _ in range(15):

    gp_ei = Models.GPEI(experiment=exp, data=exp.fetch_data())

    generator_run = gp_ei.gen(n=1)

    best_arm, _ = generator_run.best_arm_predictions

    trial = exp.new_trial(generator_run=generator_run)

    trial.run()

    trial.mark_completed()


exp.fetch_data()

best_parameters = best_arm.parameters

• Highly flexibly and customizable 
(thus more complex)


• Runner and Metric abstractions allow 
implementing trial deployment / 
management and data fetching 
capabilities for different backends

Quasi-random 
initial exploration

GP model + Expected 
Improvement

Usually used to deploy 
to backend (e.g. 
simulation cluster)

Example synthetic metric.



Ax APIs: Scheduler
4  HANDS -ON EXAMPLES

• Orchestrates fully automated closed-loop 
optimization in a backend-agnostic 
fashion (leveraging Metric and Runner 
implementations)


• Supports advanced scheduling 
capabilities including


﹘ Parallel trial evaluations


﹘ Fully asynchronous trial evaluations


﹘ Early stopping of trials that provide 
partial results during the run


﹘ Early stopping of the overall 
optimization based on customizable 
stopping strategies

from ax import *

from ax.modelbridge.generation_strategy import GenerationStrategy

from ax.service import Scheduler


# Full `Experiment` and `GenerationStrategy` instantiation

# omitted for brevity, refer to tutorials for detail.

experiment = Experiment(...)

generation_strategy = GenerationStrategy(...)


scheduler = Scheduler(

    experiment=experiment,

    generation_strategy=generation_strategy,

    options=SchedulerOptions(),  # Configurations for how to run the experiment

)


scheduler.run_n_trials(100)  # Automate running 100 trials and reporting results


can be chosen 
automatically



Getting Started: Multi-Objective BO w/ Ax
4  HANDS -ON EXAMPLES

https://ax.dev/tutorials/multiobjective_optimization.html

https://ax.dev/tutorials/multiobjective_optimization.html


Under the Hood: Multi-Objective BO w/ BoTorch
4  HANDS -ON EXAMPLES

https://botorch.org/tutorials/multi_objective_bo

https://botorch.org/tutorials/multi_objective_bo


Common Gotchas: Scalability
4  HANDS -ON EXAMPLES

• In the number of data points / function evaluations (n): 


﹘Model fitting is O(n^3) with standard GP models / algorithms  typically limited to a few hundred observations 

(more scalable models / methods exist)


• In the dimensional of the search space / number of parameters (d):


﹘ Computational scaling is relatively benign (kernel method!)


﹘ But: Statistical efficiency & model quality becomes an issue!


﹘ SAASBO (sparsity-inducing prior) and TuRBO (trust-region approach) 
can help scale to hundreds of parameters


• In the number of objectives (m) for MOO:


﹘ Computing HV is super-polynomial in m  does not scale to more than 3-4 objectives 

(scaling in outcome constraints on other outcomes is more graceful)


• Random scalarization (e.g. qParEGO) can work with larger m (though less sample-efficient)

⇒

⇒



Common Gotchas: Setting Objective Thresholds
4  HANDS -ON EXAMPLES

• Objective thresholds (Ax) = Reference point (BoTorch)


• These define the “area of interest” to the MOO algorithm in the outcome space


• Setting these properly is important for the efficiency of the optimization Portion of the Pareto Frontier 
explored by the algorithm

Threshold on 
objective 1

Threshold on 
objective 2Reference point



Other Common Gotchas
4  HANDS -ON EXAMPLES

Noisy observations


• In practice, outcomes are often subject to observation noise (either known or unknown)


﹘ If noise level is unknown, is important for the model to understand if it needs to infer a noise level 
(in Ax that means passing a NaN/None variance observation, in BoTorch it means using a SingleTaskGP or similar)


﹘ If noise level is known, providing it to model can be very helpful


Numerical precision


• Inference with GPs often involves solving ill-conditioned linear systems


﹘ This is especially problematic if there are many repeated or very similar design points


﹘ Always work in double precision if possible!



5	    Advanced Features



High-Dimensional Multi-Objective BO
5  ADVANCED FEATURES

Limitations of existing Multi-Objective Bayesian Optimization methods (e.g. qEHVI):


•   Poor performance of GP models in high-dimensional domains (  15 parameters) 


•   May not scale well to the large-batch / high-throughput setting with many observations


•   Often do not support black-box constraints

≳

Our contributions:


• SAASBO: “Sparse Axis-Aligned Subspace Bayesian Optimization”


﹘ Sparsity-inducing prior on the kernel lenghtscales identifies the most important parameters


﹘ Allows model to scale to hundreds of dimensions


• MORBO: “Multi-Objective trust Region Bayesian Optimization”


﹘ The first scalable MO-BO algorithm that is practical for high-dim problems w/ thousands of evaluations


﹘ Efficient scaling in both dimension and # of evaluations;  well-distributed high-quality Pareto frontiers

D. Eriksson and M. Jankowiak. High-dimensional Bayesian optimization with sparse axis-aligned subspaces. UAI 2021.

S. Daulton, D. Eriksson, M. Balandat, E. Bakshy. Multi-objective bayesian optimization over high-dimensional search spaces. UAI 2022.



SAASBO: Improved Surrogate Modeling
5  ADVANCED FEATURES

D. Eriksson and M. Jankowiak. High-dimensional Bayesian optimization with sparse axis-aligned subspaces. UAI 2021.

• In many high-dimensional problems, only a rather small set of the parameters have outsized influence


• Idea: Place a sparsity inducing prior over the length scales of the GP kernel


﹘ Inference performed via MCMC (NUTS)


• Can be combined with MOO

Available in Ax 

& BoTorch!



MORBO: High-Throughput MOBO
5  ADVANCED FEATURES

Other baselines stopped 
due to excessive runtime 
and / or memory usage

~ 6.5 X improvement 
    in sample efficiency 

# of objectives: 2

# of objectives: 2

# of objectives: 2

# of constraints: 54

S. Daulton, D. Eriksson, M. Balandat, E. Bakshy. Multi-objective bayesian optimization over high- dimensional search spaces. UAI 2022.



Robust Multi-Objective Optimization
5  ADVANCED FEATURES

• In practice, we may not be able to realize a design  exactly 


﹘ e.g. we cannot build 100% to spec due to manufacturing tolerances, environmental conditions, etc.


• How can we be robust to this input noise? How to even formulate this in a multi-objective setting? 

x ∈ 𝕏

S. Daulton, S. Cakmak, M. Balandat, M. A. Osborne, E. Zhou, and E. Bakshy. Robust multi-objective Bayesian optimization under input noise. ICML 2022.

• Contribution: MVAR Approximation based on 
Random Scalarizations (MARS)

Available in Ax 

& BoTorch!



Robust Multi-Objective Optimization
5  ADVANCED FEATURES

• MARS uses a novel theoretical connection between the MVAR and the VAR of a particular scalarization 
of the objectives


﹘ This motivates a family of computationally efficient BO methods for identifying MVAR


• MARS allows to identify optimal tradeoffs subject to a constraint on the yield (% of feasible designs)

S. Daulton, S. Cakmak, M. Balandat, M. A. Osborne, E. Zhou, and E. Bakshy. Robust multi-objective Bayesian optimization under input noise. ICML 2022.

Available in Ax 

& BoTorch!



Mixed Discrete & Continuous Spaces
5  ADVANCED FEATURES

• Many optimization problems include discrete (ordered or categorical) parameters: 


• Ax and BoTorch support discrete parameters out of the box


﹘ However, common approaches (such as one-hot encoding or continuous 
relaxation) do not scale well and have other issues


• New approach:  Probabilistic Reparameterization


﹘ Key idea: Instead of optimizing over discrete , optimize over probability 
distribution , with   a (continuous) parameter


﹘ Optimizer of reparameterization recovers optimizer of discrete problem.

𝕏 = 𝒳 × 𝒵

Z
Z ∼ p(Z ∣ θ) θ

S. Daulton, X. Wan, D. Eriksson, M. Balandat, M. A. Osborne, and E. Bakshy. Bayesian Optimization over Discrete and Mixed Spaces via Probabilistic Reparameterization. ICML 2022.

Improved support 

in Ax & BoTorch 

currently in the 
works!



Resources
• Website (general docs, tutorials, API docs):


﹘ax.dev


﹘botch.org


• GitHub (issues, discussions, latest features):


﹘https://github.com/facebook/Ax


﹘https://github.com/pytorch/botorch


• PyTorch Ax Multi-Objective Neural Architecture Search tutorial:


﹘https://pytorch.org/tutorials/intermediate/ax_multiobjective_nas_tutorial.html


https://ax.dev
https://botch.org
https://github.com/facebook/Ax
https://github.com/pytorch/botorch
https://pytorch.org/tutorials/intermediate/ax_multiobjective_nas_tutorial.html

