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Meta-Black-Box Optimization (MetaBBO) and Automated 
Algorithm Design (AAD) are closely connected. The algorithm 
scope in MetaBBO can be regarded as a subset of “all 
algorithms”---- black-box optimization algorithms.

A learnable agent �� is deployed at meta level, it can be a rule-based
system, ML algorithm, or neural network. 

A BBO optimizer � is deployed at lower level, it is used to optimize pr-
oblem instances in a BBO problem distribution �.

For each optimization step � of the optimization process of each problem instance
 �, an optimization status �� could be summarized from current progress. Then a 
design �� is tailored by �� , which is thereafter assigned to � for current step opt-
imization. A feedback signal ��,� is observed as a measure of design effectiveness.

The meta-objective is then formulated: �(�) = ����[  �=1
� ��,� ]
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Learning Paradigms of the Meta-level Agent

Target Problem Domains to be Addressed

Diverse Algorithm Design tasks in BBO

There are more categorization ways, such as the target BBO optimizer, the type of meta-level agent (model-based/free) .
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The bi-level nature of MetaBBO allows us to decompose overall deveopment process with two clearly independent parts

Learnable Agent Class Environment Class

Meta-level Agent Low-level
Optimizer

the meta-level agent can be any system 
that holds certain learning mechanism 
to refine its behaviour. In MetaBBO, it 
serves as an independent planner or 
decision maker to propose desired alg-
orithm designfor low-level optimizati-
on environment.

the low-level optimization environment
is composed by the algorithm (optimi-
zer) and problem instance. In MetaBBO,
it is also an independent part, which can
be regarded as the dynamics of “world”
the meta-level agent could observe. It 
also provide feedback if needed. 

Optimization
Problem



Class Learnable_Agent():
        def    __init__(self, config):
        # the memory, neural network, learnble parameters
            # architecture etc. are initialized.

        def   train_episode(self, env):
        # given the maximum evaluation steps regulated in
            # Environment, this func lets the agent play with the
            # Environment until the optimizer is terminated. It
            # trains the parameters of the agent then. 

        def    rollout_episode(self, env): 
        # same with the train_episode() except that rollout
            # func does not require trace of training signals.

Class Environment():
        def    __init__(self, prob, alg):
        # given the problem instance and the low-level optimizer, 

           # the envionment is constructed by composition. 

        def   reset(self):
        # the optimizer is initialized. 

        def   step(self, action):
        # once given a specific algorithm design (action) from the
            # meta-level agent, the environment execute it and hence
            # the state such as population in optimzier is updated.



Class Optimizer():
        def    __init__(self, config):
        # initialize hyper-parameters and population.

        def   update(self, action,problem):
        # when the Environment receives action, it actually
            # call optimizer’s update func to advance the optim-
            # ization by the optimzier’s internal logic.

 

Class Problem():
        def    __init__(self, properties):
        # static properties of a problem instance.

        def   func(self, Xs):
        # this func provide evaluation for given solutions.

      

Xs

f(Xs)

Problem.func()Xs

Xs’

Optimizer.update()



Compared to MetaBox-v1, we leverage the universal interfaces convenience and have integrated widely 
used and discussed optimization problem types:
1. Single-Objective Optimization-----Synthetic: bbob(-noisy)-10D/30D; 
Realistic: hyper-parameter optimization in ML, protein-protein docking and uav path planning. 
2. ...



Suppose we have N baselines to benchmark on a problem set with M problems & K independent runs.

We propose a Metadata Object to trace all basic logits obtained when we benchmark the one we developed,
 sometimes with some other baselines that we want to compare to. The motivation behind roots from the us-
age feedback from users of MetaBox-v1: “Can we customize our own benchmark evaluation metrics?”

Metadata

Baseline 1 Baseline 2 Baseline N

Problem 1 Problem 2 Problem M

Run 1 Run 2 Run K

JSON format
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Ray Sub-tasks

Ray Aggregate

MetaBBO is a bi-level nested paradigm, which is a cri-
tical but understudied bottleneck in current literature.

Serialized environment evaluation in exsiting MetaBBO
approaches consumes massive time if the target problem
if time-consuming to evluate.

Ray is an very easy-to-use ML distirbution toolbox.

Multiprocessing

Given an agent and a testsuite, we first copy the agent 
for each testing run and use Ray to construct the corre-
sponding sub-tasks. Then all sub-tasks are distributed 
into independent CPU/GPU cores for parallel testing.

4 different modes for users to adapt their hardwares.



If you are a newcomer who wants to learn and try some exsiting MetaBBO approaches, 
MetaBox-v2 could provide you the fastest way to get started (approximately 10 lines of codes). 





MetaBox-v2 has certain advantages compared to related benchmarks:

However, benchmarking development is not a “Zero-Sum Game”!

Through the universal interfaces. MetaBox-v2 can surely be compatible and extendable
with related benchmarks. This outlines a vision of our work: benchmark zoo system.

For example, MetaBox provides interface for users to extend BBO optimzers from any BBO repo
such as PyPop7, which includes hundreds of optimizers. MetaBox also provides interfaces for users
to extend optimization problems from exsiting repos such as EvoX, which problem fast implementation
of complex/realistic problems.



With a batch_size of 16, the Vectorized Env consistently saves training time for users.
We also found such batched training stabillizes convergence and boost training effectiveness.

Even the simplest distribution Mode-1 could significantly accelerate the testing workflow. If users have 
advanced hardware, the distribution Mode-4 could introduce no less than 40x acceleration.



Generally, MetaBBO approaches could achieve ideal performance when distribution shift is “TINY” (In-distribution).
However, when the distribution shift is “MASSIVE” (out-of-distribution), it is another story.. 

(a) bbob-noisy-30D; (b)protein; (c) uav; and (d) hpob.



Most RL & SL approaches present more efficient 
learning patterns.

Neuroevolution & ICL approaches, however, is far
from being efficient pipelines. 



Under this interesting metric, we found that althou-
gh Neuroevolution method LES is inefficient, how-
ever, its Anti-NFL is high.

Unfortunately, an MetaBBO approach with high
Anti-NFL does not indicate its superiority, since it
may performs bad on both train and test sets. 



Combining the results of learning efficiency and Anti-NFL indicator,  we analyze the domination relationship 
of MetaBBO baselines. It can be observed that, so far, no baseline participating in this case study dominates 
all the others. This reflects that there is certain design tradeoff in existing MetaBBO between the efficiency 
and effectiveness.



Distribution Shift:
Where, Why & How

Model Capacity &
Data Scale

Effectiveness &
Efficiency Tradeoff

Takeaways

1. exisTing liTeraTure only 
provides narrow evaluaTion, 
noT friendly for newcomers.

2. overfiTTing or noT is sTill a 
mysTery in many meTaBBo work.

3. we should never give up on 
discussing how To measure ca-
paBiliTy of learning sysTem, 
e.g., meTaBBo sysTems.



MetaEvolution (MetaEvo) Group is funded 
by Prof. Yue-Jiao Gong, Associate Editor of 
IEEE Transaactions on Evolutionary Comp-
utation. Our aim is to explore the possibility 
of learning-assisted, meta-learned optimiza-
tion techniques that show general purpose in-
stead human-crafted specialization. We start-
ed from 2021 and now this topic has been a 
hot-press in optimization community.

My favorite sentence: “Information is what generates information, say, evolution.”
My favorite sentence heard from others: “Things won are done; joy’s soul lies in the doing.”
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