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Abstract
Designing appropriate algorithm architectures for diverse task ob-
jectives is an extremely challenging task. It requires algorithm
engineers to possess sufficient professional expertise and a thor-
ough understanding of both data and task contexts, and in practice,
it is difficult for humans to execute this process comprehensively
enough. Although automated algorithm design has been extensively
studied, it acts as a black box, lacking interpretability, relies on large-
scale search, and suffers from low efficiency. Based on the human
triadic thinking model, this work shifts automated algorithm de-
sign from a search-driven paradigm to a logical reasoning paradigm.
We attempt to extract logical rules from data, deduce algorithm
structures from these rules, and employ the derived algorithms to
complete a closed learning loop of abduction-deduction-induction
for model learning, thus constructing the basic framework for algo-
rithm design via logical reasoning. Specifically, we first mine latent
knowledge from data with the support of a knowledge base and
calculate the membership degree of rules corresponding to various
operators. Next, we infer the algorithm structures that meet the tar-
get requirements through fuzzy logic reasoning. Finally, we fit the
data and complete the learning process using the obtained algorithm
architecture. As a frontier attempt to transform the search-based
automated algorithm design pipeline into a reasoning-centric one,
this approach achieves outstanding experimental results in operator
combination design tasks across multiple datasets.
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1 Introduction
Humans possess metacognitive abilities that enable them to auto-
matically design learning plans based on learning objectives. Such
metacognitive capabilities represent a high-level pursuit for bring-
ing artificial intelligence closer to human intelligence, with the core
goal of enabling models to autonomously master how to learn and,
through training on relevant tasks, acquire the ability to adapt to
new tasks

In the field of cognitive science, the core foundation of human
metacognitive ability stems from three mutually collaborative basic
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reasoning capabilities: abduction, deduction, and induction [19].
These three abilities do not exist in isolation; instead, they form
a closed-loop reasoning process that constitutes the underlying
logical framework of human cognitive activity. For a given task,
abduction enables the identification of the most plausible rules
from real-world observations as explanations [2, 24]; deduction
allows reasoning based on existing rules to derive feasible plans that
achieve the goal [20]; and induction facilitates the accumulation of
experience from implemented plans, thereby endowing the ability
to accomplish tasks [13, 17].

In the field of artificial intelligence, empiricism based on machine
learning enables models to acquire inductive ability, while sym-
bolism based on logical reasoning endows models with deductive
ability. Research on rule discovery from data, such as inductive logic
programming and abductive learning, can further equip models
with abductive ability [5, 9, 14]. However, these three capabilities
have not been systematically integrated to form a closed loop, re-
sulting in significant limitations in the current improvement of AI’s
metacognitive ability.

Currently, research in the field of artificial intelligence metacog-
nition mainly focuses on two areas: meta-learning and automated
machine learning. However, the process by which algorithms in
these two fields automatically acquire learning strategies is a black
box, lacking interpretability and exhibiting low efficiency. The for-
mer relies on training experience on numerous similar tasks and
requires solving complex second-order optimization problems [10];
the latter depends on frequent training and evaluation procedures
and involves searching in an exponentially complex space. This
paper attempts to transform the approach for artificial intelligence
models to acquire metacognitive abilities from complex optimiza-
tion and search paradigms into a logical reasoning paradigm, re-
alizing the process of extracting rules from limited data, inferring
learning strategies from rules, and training models according to
the derived strategies.

To realize the aforementioned meta-perceptual ability that en-
ables artificial intelligence to automatically obtain algorithms de-
signed based on actual data through logical reasoning, we first
establish a theoretical framework that addresses the problem of
evaluating the advantages and disadvantages of algorithms given
specific data and targets. The theory indicates that the expected
performance of a model trained by an algorithm on the target task
depends on the algorithm’s satisfiability with respect to the data
and its completeness with respect to the target task. Among them,
satisfiability represents the degree of matching between the al-
gorithm and the data; the higher the satisfiability, the better the
algorithm can perform on the pre-trained data. However, good per-
formance on pre-training tasks does not necessarily ensure that the
trained model will still perform well on downstream target tasks.
For this reason, we use completeness to represent the contribution
of pre-training tasks to the target task. Based on the satisfiability
and completeness of an algorithm, we can estimate the perfor-
mance of the model trained by this algorithm on the target task,
and take this estimated performance as the optimization objective
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to find a sufficiently excellent training algorithm for the model.
Supported by this theoretical foundation, we combine practical
applications to convert the original theoretical indicators under the
ideal data distribution into actual empirical indicators on real data.
The performance of the trained model on the target task is directly
estimated by the satisfiability and completeness of the algorithm
on the pre-training data and target data. Since model pre-training
incurs enormous overhead, this scheme of predicting target per-
formance in advance based on theory can bring a very significant
improvement in efficiency, especially for pre-training tasks with
large-scale data. This process directly estimates the target perfor-
mance through theory, rather than requiring a complete training
and evaluation process like meta-learning and auto-ml to obtain the
real target performance. This is precisely the reason why a great
deal of resource overhead is saved by logical reasoning compared
with other modes.

At the method level, we represent the meta-cognitive process
of AI through three stages. In the abduction stage, we extract the
satisfiability and completeness rules of the operators in the oper-
ator library and the membership degrees of these rules from the
data in the form of fuzzy logic. On the basis of the properties of
single operators, we calculate the membership degrees of the sat-
isfiability and completeness rules of combined operators through
the properties of fuzzy logic [23]. Among them, the satisfiability
of combined operators is based on the conjunction logic, and the
membership degree of their rules can be calculated by the 𝑡norm
operator in fuzzy logic; while the completeness is based on the
disjunction logic, and the membership degree of their rules can be
calculated by the 𝑡conorm operator in fuzzy logic, thus completing
the process of extracting the rules of single operators and combined
operators from the data.

In the deduction stage, based on the rules in the existing rule
base, we search for the optimal operator combination with the goal
of the optimal expected performance on the target task. For this
purpose, we initially tried five solution schemes: Greedy reasoning
adds one operator at a time according to the current state, and
each time selects the operator that optimizes the current estimated
value of the algorithm’s target performance; Dynamic program-
ming reasoning discretizes the satisfiability membership degree and
completeness membership degree, takes one of the membership
degrees as the state, maintains the optimal value of the other mem-
bership degree, and finally searches for the optimal solution with
the highest estimated performance among all states; Pareto rea-
soning regards satisfiability and completeness as two optimization
objectives, discards the current non-Pareto optimal solutions while
adding operators in turn, and searches for the optimal solution
among the finally retained solutions; Simulated annealing formu-
lates the problem as a 0-1 optimization problem, takes whether to
select each operator as a 0-1 variable for optimization, and uses
local inversion as the exploration of the neighborhood; The bisec-
tion method performs a binary search on the optimization objective
according to the monotonicity of the target, forms a satisfiability
solution problem for each target value, and uses the branch and
bound method to solve and judge whether the current target value
has a solution until it converges to the optimal target value.

In the induction stage, we have obtained the optimal feasible
algorithm. We only need to pre-train a machine learning model on

this algorithm and fine-tune it on the target data to form a dedicated
model for the current target. The trained model can be further used
for rule extraction in subsequent tasks to form a closed loop, thereby
realizing the artificial intelligence meta-cognitive process based on
the abduction-deduction-induction ternary model.

In terms of experiments, we constructed an operator library
based on self-supervised learning, containing a total of 115 self-
supervised operators. On this basis, we first verified the theoretical
part proposed in this paper, proving that the target performance
estimation method based on our theory is highly positively corre-
lated with the actual performance verified through experiments.
Secondly, we verified the feasibility of the algorithm design based
on logical reasoning proposed by us, which achieved excellent per-
formance and efficiency on multiple datasets. Finally, we conducted
ablation experiments and sensitivity analysis: the former proved
that both satisfiability and completeness rules are necessary, while
the latter, focusing on the fuzzy logic operators 𝑡norm and 𝑡conorm
corresponding to the conjunction and disjunction logic, proved
that conventional fuzzy logic operators are all applicable under our
algorithm framework.

2 Related Work
In the field of cognitive science, the tripartite reasoning framework
of abduction, deduction, and induction has been widely recognized
as the core foundation of human metacognition. Peirce first sys-
tematically proposed the logical relationships among the three
reasoning modes [19], emphasizing that abduction is responsible
for generating plausible explanations from observations, deduction
for deriving logical conclusions from existing rules, and induction
for generalizing experience from specific cases to form new knowl-
edge. Subsequent studies further verified that these three reasoning
capabilities form a closed-loop system in human cognitive activities,
which is the key to humans being able to autonomously design
learning plans and adapt to new tasks. However, most of these
studies focus on theoretical analysis of human cognitive mecha-
nisms and lack effective methods to map this tripartite reasoning
framework to AI systems, making it difficult to translate human
metacognitive principles into practical AI capabilities.

In AI research, the acquisition of single reasoning capabilities
has been extensively explored, but their systematic integration for
metacognition remains insufficient [1, 17, 22]. Empiricism-based
machine learning methods, such as deep learning and reinforce-
ment learning, have endowed models with strong inductive capabil-
ities by learning statistical patterns from large-scale data. However,
these methods usually lack interpretability and rely heavily on
data quality and quantity, making it difficult to form autonomous
learning strategies. Symbolism-based approaches, including logical
reasoning and knowledge graphs, have realized rigorous deduc-
tive reasoning by formalizing domain knowledge into logical rules
[18, 20], but they often struggle with the uncertainty and complex-
ity of real-world data, leading to poor generalization. For abductive
capability, research such as inductive logic programming (ILP) [9]
and abductive learning (ABL) [2, 24] has made progress in extract-
ing logical rules from data, but these methods are mostly limited to
specific tasks and fail to form effective collaboration with deduc-
tive and inductive capabilities, resulting in fragmented reasoning
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processes that cannot support comprehensive meta-cognitive activ-
ities.

Currently, meta-learning and automated machine learning (Au-
toML) are the two mainstream paradigms for realizing AI metacog-
nition, but they have inherent limitations in interpretability and effi-
ciency. Meta-learning aims to enable models to learn "how to learn"
by training on a series of similar tasks, thereby quickly adapting to
new tasks. However, most meta-learning methods, such as model-
agnostic meta-learning (MAML), rely on complex second-order
optimization and a large number of similar tasks for pre-training,
leading to high computational overhead and poor interpretability
of the learned meta-strategies [10]. AutoML automates the design
of machine learning pipelines (e.g., feature engineering, model se-
lection, and hyperparameter tuning) through search algorithms
[6], but it usually involves exhaustive search in an exponentially
complex space, requiring frequent model training and evaluation,
which is inefficient especially for large-scale pre-training tasks.
Both paradigms treat the process of acquiring learning strategies as
a "black box" and fail to leverage logical reasoning to realize inter-
pretable and efficient autonomous learning, which is inconsistent
with the core characteristics of human metacognition.

Fuzzy logic has been widely used in handling uncertain informa-
tion, providing a potential tool for integrating symbolic reasoning
with real-world data uncertainty [23]. By introducing membership
degrees to represent the ambiguity of concepts, fuzzy logic can
effectively model the uncertainty in rule extraction and reasoning.
Existing studies have applied fuzzy logic to rule-based systems and
logical reasoning, improving the robustness of symbolic methods in
real-world scenarios. Few studies have used fuzzy logic operators
(e.g., 𝑡norm and 𝑡conorm) to calculate the reliability of combined rules,
which is crucial for realizing efficient reasoning about algorithm
performance.

3 Theory Support
To make automated algorithm design based on logical reasoning
feasible, we first need to address the question of how to evaluate
the quality of an algorithm, which motivates us to explore its theo-
retical nature. In previous studies on AutoML and meta-learning,
evaluating an algorithm requires a complete process of training and
testing the algorithm. Since searching for the optimal algorithm
inevitably involves numerous rounds of training and testing, we
aim to estimate algorithm performance through theoretical approx-
imation instead of actual training and testing. This will significantly
reduce the substantial overhead caused by repeated training and
evaluation.

First, unlike the traditional supervised learning paradigm, the
data available in real-world scenarios is usually unlabeled.We there-
fore need to perform self-supervised training on such unlabeled
data, and we aim to use as effective self-supervised operators as
possible, so that the model, after being trained with these operators,
can achieve better performance on the target downstream task.

To this end, we introduce theories of self-supervised learning
and perform model pre-training by leveraging the consistency of
operators applied to data. In self-supervised learning, given an input
sample 𝑥 ∈ D and an operator family 𝐴, the learning objective is
to ensure that the output of the machine learning model 𝑓 remains

consistent under different operators within the same family, i.e.,

𝑓 (𝐴′ (𝑥)) = 𝑓 (𝐴′′ (𝑥)), 𝐴′, 𝐴′′ ∈ 𝐴, 𝑥 ∼ D𝑥 (1)

which is abbreviated as Consistency(𝐴, 𝑥, 𝑓 ).
The ultimate goal of learning is to enable the model to perform

best on the target task:

𝑓 (𝐴′ (𝑥)) = 𝑦, 𝐴′ ∈ 𝐴, (𝑥,𝑦) ∼ D𝑥,𝑦 . (2)

In self-supervised learning, the pre-training task is regarded as
an intermediate step toward the target task, which can be expressed
by the following equation:

𝑝 (𝑦 | 𝑥) = 𝑝 (𝑦 | Consistency(𝐴, 𝑥, 𝑓 ), 𝑥)
· 𝑝

(
Consistency(𝐴, 𝑥, 𝑓 )

��𝑥 ) (3)

where 𝑝
(
Consistency(𝐴, 𝑥, 𝑓 )

��𝑥 ) denotes the satisfaction probabil-
ity of the algorithm consistency. A higher algorithm satisfaction
indicates that the algorithm is sufficiently compatible with the data
and thus performs better on the pre-training task. By contrast,
𝑝 (𝑦 | Consistency(𝐴, 𝑥, 𝑓 ), 𝑥) represents the completeness proba-
bility of the algorithm consistency. A higher algorithm complete-
ness implies that satisfying consistency yields greater benefits for
achieving the target task, and training on the pre-training task can
make a larger contribution to the downstream target task. Specifi-
cally, the degree of satisfiability defined on the pre-training tasks
can be defined as

𝑝𝑠𝑎𝑡𝑖𝑠 𝑓 𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝐴, 𝑓 ,D𝑥,𝑦) = 𝑝𝑥∼D𝑥

(
Consistency(𝐴, 𝑥, 𝑓 )

��𝑥 ) (4)

The degree of completeness defined on the pre-training tasks can
be defined as

𝑝𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑛𝑒𝑠𝑠 (𝐴, 𝑓 ,D𝑥,𝑦)
=𝑝𝑥,𝑦∼D𝑥,𝑦 (𝑦 | Consistency(𝐴, 𝑥, 𝑓 ), 𝑥) (5)

It can be proven that when the pre-training algorithm is A, the
performance of the model on the downstream target task is:

𝑝𝑡𝑎𝑟𝑔𝑒𝑡 (𝐴, 𝑓 ,D𝑥,𝑦) = 𝑝𝑠𝑎𝑡𝑖𝑠 𝑓 𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝐴, 𝑓 ,D𝑥,𝑦)
◦ 𝑝𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑛𝑒𝑠𝑠 (𝐴, 𝑓 ,D𝑥,𝑦) (6)

At this point, we have identified the problem proposed at the
beginning of this chapter. We use 𝑝target (𝐴, 𝑓 ,D𝑥,𝑦) as the criterion
for evaluating the superiority or inferiority of the pre-training algo-
rithm A, which includes two indicators: 𝑝satisfiability and 𝑝completeness.

The final goal thus becomes finding the optimal algorithm 𝐴∗:

𝐴∗ = argmax
𝐴∈A

𝑝𝑡𝑎𝑟𝑔𝑒𝑡 (𝐴, 𝑓 ,D𝑥,𝑦) (7)

4 Settings
Based on the above theoretical derivation, in practical applications,
we are given a target task Tasktarget, which can be represented
by a small set of labeled data 𝐷target = [(𝑥𝑡1, 𝑦𝑡1), . . . , (𝑥𝑡𝑚, 𝑦𝑡𝑚)]
where (𝑥𝑡𝑖 , 𝑦𝑡𝑖 ) ∼ D𝑥,𝑦 , along with a large amount of unlabeled
data 𝐷pretrain =

[
𝑥𝑝1, . . . , 𝑥𝑝𝑛

]
where 𝑥𝑝𝑖 ∼ D𝑥 and an opera-

tor library A, the objective is to construct a learning algorithm
𝐴 = 𝛼1 ◦ 𝛼2 ◦ · · · ◦ 𝛼𝑑 using operators 𝛼𝑖 ∈ A (where 𝑑 denotes
the depth of the algorithm, i.e., the number of operators). This
algorithm 𝐴 should be trained on 𝐷pretrain and achieve optimal
performance on Tasktarget. In this paper, considering that most col-
lectable data 𝐷pretrain in real-world scenarios is unlabeled, we adopt
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a self-supervised operator library for A. On this basis, our esti-
mation of 𝑝target must be grounded in the available data, namely
estimating

𝑝estimation (𝐴, 𝑓 , 𝐷pretrain,𝐷target) = 𝑝satisfiability (𝐴, 𝑓 , 𝐷pretrain)
◦𝑝completeness (𝐴, 𝑓 , 𝐷pretrain, 𝐷target) (8)

Empirical estimation of satisfiability can be defined as:

𝑝satisfiability (𝐴, 𝑓 , 𝐷pretrain)
=𝑝𝑥∈𝐷pretrain

(
Consistency(𝛼𝑖 , 𝑥, 𝑓 )

��𝑥 ) (9)

Empirical estimation of completeness can be defined as:

𝑝completeness (𝐴, 𝑓 , 𝐷pretrain, 𝐷target)
=𝑝𝑥,𝑦∈𝐷target, 𝑥 ′∈𝐷pretrain

(
𝑓 (𝐴(𝑥)) = 𝑦

��Consistency(𝐴, 𝑥 ′, 𝑓 ), 𝑥 ′) .
(10)

We use 𝑝𝑒 , 𝑝𝑠 , 𝑝𝑐 to denote 𝑝𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑖𝑜𝑛 , 𝑝𝑠𝑎𝑡𝑖𝑠 𝑓 𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 , 𝑝𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑛𝑒𝑠𝑠

for simplicity, respectively.

5 Method
The logic-based meta-capability learning method proceeds in three
steps: first, it applies abduction to extract rules about the operators
inA from𝐷pretrain based on Tasktarget, thereby constructing a fuzzy
logic-based operator rule base R; second, it uses deduction to infer
the algorithm structure 𝐴∗ that maximizes the membership degree
of the conclusion the algorithm can complete the target task based
on the fuzzy logic operator rule base R; finally, it trains the inferred
algorithm structure 𝐴 on 𝐷train to obtain the target model 𝑓 ∗.

5.1 Abduction
First, we need to extract the rule base R from 𝐷pretrain based on
the target task Tasktarget, with the goal of achieving better perfor-
mance on Tasktarget. We first formalize the propositions that can be
extracted from the operator library. For each operator 𝛼𝑖 ∈ A in
the operator library, we separately extract fuzzy logic propositions
regarding its satisfiability and completeness, where 𝑝𝑠 and 𝑝𝑐 de-
note the membership degrees of these two types of propositions,
respectively.

For the satisfiability proposition of operator 𝛼𝑖 , it is estimated
on the unlabeled dataset 𝐷pretrain. The corresponding fuzzy logic
proposition is:

𝑝𝑠 (𝛼𝑖 , 𝑓 , 𝐷pretrain) : Consistency(𝛼𝑖 , 𝑥, 𝑓 ) | 𝑥 ∈ 𝐷pretrain . (11)

For the completeness proposition of operator 𝛼𝑖 , we need to
estimate the contribution of completing the pre-training task to
accomplishing the target task, i.e., whether the pre-training task is
complete. This estimation must be performed jointly with 𝐷target,
and the corresponding fuzzy logic proposition is:

𝑝𝑐 (𝛼𝑖 , 𝑓 , 𝐷pretrain,𝐷target) : 𝑓 (𝛼𝑖 (𝑥)) = 𝑦 𝑥,𝑦 ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡��Consistency(𝛼𝑖 , 𝑥, 𝑓 ), 𝑥 ′ ∈ 𝐷pretrain (12)

Thus, we extract the satisfiability and completeness propositions
for all operators in the library at very low cost, and estimate the
membership degree of each proposition from the data. However,
since algorithm design requires finding a good operator combina-
tion, estimating the satisfiability and completeness membership de-
grees separately for every combination would incur extremely high

overhead. Fortunately, according to the properties of fuzzy logic
rules, the membership degrees of the satisfiability and completeness
rules for an operator combination can be computed directly from
the membership degrees of the individual operator rules.

First, for satisfiability, there exists the rule

(Consistency(𝛼𝑖 , 𝑥, 𝑓 ) | 𝑥) and (Consistency(𝛼 𝑗 , 𝑥, 𝑓 ) | 𝑥)
→ (Consistency(𝛼𝑖 ◦ 𝛼 𝑗 , 𝑥, 𝑓 ) | 𝑥 ∈ 𝑋𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛) (13)

This reveals that the satisfiability of the combined operator depends
on the joint satisfiability of each individual operator, which is a
"conjunction" relationship in symbolic logic. In fuzzy logic, the
logical conjunction operation can be expressed as a 𝑡norm operation
on membership degrees:

𝑡norm (𝑝𝑠 (𝑎𝑖 ), 𝑝𝑠 (𝑎 𝑗 )) : Consistency(𝛼𝑖 ◦ 𝛼 𝑗 , 𝑥, 𝑓 ) | 𝑥 (14)

For completeness, there exists the rule:(
𝑓 (𝛼𝑖 (𝑥)) = 𝑦, (𝑥,𝑦) ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡

��Consistency(𝛼𝑖 , 𝑥, 𝑓 ), 𝑥 ′ ∈ 𝐷pretrain
)

or (𝑓 (𝛼 𝑗 (𝑥)) = 𝑦, (𝑥,𝑦) ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡

��Consistency(𝛼 𝑗 , 𝑥
′, 𝑓 ),

𝑥 ′ ∈ 𝐷pretrain) → (𝑓 (𝛼𝑖 ◦ 𝛼 𝑗 (𝑥)) = 𝑦, (𝑥,𝑦) ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡

��
Consistency(𝛼𝑖 ◦ 𝛼 𝑗 , 𝑥

′, 𝑓 ), 𝑥 ′ ∈ 𝐷pretrain) . (15)

This reveals that the completeness of the combined operator re-
quires that at least one operator can correctly distinguish the target
under the premise of consistency, which is a disjunction relationship
in symbolic logic. In fuzzy logic, the logical disjunction operation
can be expressed as a 𝑡conorm operation on membership degrees:

𝑡conorm (𝑝𝑐 (𝑎𝑖 ),𝑝𝑐 (𝑎 𝑗 )) : (𝑓 (𝛼𝑖 ◦ 𝛼 𝑗 (𝑥)) = 𝑦, (𝑥,𝑦) ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡��Consistency(𝛼𝑖 ◦ 𝛼 𝑗 , 𝑥
′, 𝑓 ), 𝑥 ′ ∈ 𝐷pretrain) (16)

Finally, a complete rule base can be formed by adding the rule for
estimating performance based on satisfiability and completeness:

𝑝𝑠 (𝐴) ∗ 𝑝𝑐 (𝐴) : 𝑓 (𝐴(𝑥)) = 𝑦, (𝑥,𝑦) ∈ 𝐷𝑡𝑎𝑟𝑔𝑒𝑡 (17)

5.2 Deduction
After obtaining the fuzzy rule base, we need to infer an operator
combination 𝐴 = 𝑎1 ◦ 𝑎2 ◦ · · · ◦ 𝑎𝑑 from the rule base such that the
membership degree 𝑝𝑒 (𝐴) of the fuzzy rule 𝑓 (𝐴(𝑥)) = 𝑦 is maxi-
mized. To this end, an optimization algorithm must be designed for
this membership degree optimization problem. This paper explores
several feasible approaches for optimizing the membership degree
of the fuzzy rules:

5.2.1 Greedy Inference. The greedy method is the most straight-
forward approach to this problem. For an algorithm with depth 𝑑 ,
we initialize𝐴0 = ∅. When 𝑑 ′ operators have been selected, we iter-
ate over all candidate operators and choose the 𝛼𝑖 that maximizes
𝑝𝑒 (𝐴𝑑′ ◦ 𝛼𝑖 ), then update 𝐴𝑑′+1 = 𝐴𝑑′ ◦ 𝛼𝑖 . Finally, we set 𝐴∗ = 𝐴𝑑 .

Although the greedy method is simple and efficient, it cannot
foresee the combined effect of subsequent selections and does not
support backtracking. This may lead to a local optimum that differs
significantly from the global optimum.

5.2.2 Dynamic Programming Inference. Dynamic programming
(DP) reformulates the problem as a variant of the knapsack problem.
Since computing 𝑝𝑒 (𝐴) requires dynamically maintaining 𝑝𝑠 (𝐴),
and 𝑝𝑐 (𝐴), we can use one of them as the DP state and the remaining
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one as the optimization objective, thus transforming the problem
into a dynamic programming problem. For example, we define the
state 𝑝𝑐 [𝑑 ′] [𝑝𝑠 ]: the maximum completeness achievable with d’
operators, given satisfiability 𝑝𝑠 .

Because 𝑝𝑠 , and 𝑝𝑐 are continuous values, while DP states require
discrete indices, we round the continuous values to single-digit
precision according to percentage.

In the state transition step, for each operator 𝛼𝑖 , we iterate over
the number of selected operators 𝑑 ′, and satisfiability 𝑝𝑠 , then up-
date the maximum completeness:

𝑝𝑐 [𝑑 ′ + 1]
[
𝑝𝑠 (𝐴𝑑′ ◦ 𝛼𝑖 )

]
=max

(
𝑝𝑐 (𝐴𝑑′ ◦ 𝛼𝑖 ), 𝑝𝑐 [𝑑 ′ + 1]

[
𝑝𝑠 (𝐴𝑑′ ◦ 𝑎𝑖 )

] )
. (18)

After all state transitions, we traverse all states. For each state
𝑝𝑐 [𝑑 ′] [𝑝𝑠 (𝐴′)], compute the objective value:

𝑝𝑒 (𝐴′) = 𝑝𝑠 (𝐴′) · 𝑝𝑐 [𝑑 ′] [𝑝𝑠 (𝐴′)] . (19)

The𝐴′ that maximizes 𝑝𝑒 (𝐴′) is taken as the final solution𝐴∗ = 𝐴′.

5.2.3 Pareto Inference. We maintain a list that stores only non-
dominated state points, each represented by the pair (𝑝𝑠 (𝐴′), 𝑝𝑐 (𝐴′)).
When adding a new operator 𝛼𝑖 , each state in the list generates a
new state:

(
𝑝𝑠 (𝐴′ ◦ 𝛼𝑖 ), 𝑝𝑐 (𝐴′ ◦ 𝛼𝑖 )

)
. We then check whether the

new state is Pareto optimal with respect to the current list. If a state
in the list dominates the new state (i.e., has larger 𝑝𝑠 , and 𝑝𝑐 ), the
new state is discarded. Duplicates and dominated states are pruned
iteratively.

In the end, only a small number of critical states remain. We
select the state whose pair product 𝑝𝑠 (𝐴′) · 𝑝𝑐 (𝐴′) is maximized as
the final solution 𝐴∗.

5.2.4 Simulated Annealing Inference. The optimization variable is
a 0-1 vector [𝑏1, 𝑏2, . . . , 𝑏 |A | ], where 𝑏𝑖 indicates whether the 𝑖-th
operator is selected. In the initial state, we randomly generate a
feasible solution by selecting 𝑑 ′ ≤ 𝑑 operators and setting 𝑏𝑖 = 1.

At each neighborhood operation, we randomly flip one binary
variable (select↔ not select), while ensuring the total number of
selected operators 𝑑 ′ ≤ 𝑑 . During annealing, the temperature starts
high and gradually decreases until a stopping criterion is met. At
each step, the acceptance probability is computed based on the
current temperature to decide whether to accept the new solution
or keep the current one.

By iterating through neighborhood generation, temperature de-
cay, acceptance probability calculation, and best solution update,
we obtain the 0-1 vector 𝑏∗ that optimizes 𝑝𝑒 . We then reconstruct
the operator sequence: initialize 𝐴0 = ∅, and iteratively set

𝐴𝑖+1 =

{
𝐴𝑖 ◦ 𝑎𝑖 if 𝑏∗𝑖 = 1,
𝐴𝑖 if 𝑏∗𝑖 = 0.

(20)

Finally, we take 𝐴∗ = 𝐴 |A | .

5.2.5 Bisection Inference. We transform the optimization problem
into a 0-1 programming problem. The optimization variable is a
0-1 vector [𝑏1, 𝑏2, . . . , 𝑏 |A | ], where 𝑏𝑖 indicates whether the 𝑖-th
operator is selected. The goal is to find 𝑏∗ that maximizes 𝑝𝑒 (𝐴).

Directly optimizing 𝑝𝑒 (𝐴) is difficult, so we use monotonicity to
combine binary search with linear programming. The constraints

are: at most 𝑑 operators are selected, and each operator can be
chosen at most once (0-1 selection).

The core of this method is bisection search for the optimal score
and 0-1 integer programming for feasibility verification, a stan-
dard industrial-grade approach for continuous-value combinatorial
optimization:

• Perform binary search on the optimal score 𝑝∗𝑒 .
• For each candidate score 𝑝′𝑒 to verify, construct the con-
straint: does there exist an operator subset 𝐵′ such that the
corresponding 𝐴′ satisfies 𝑝𝑒 (𝐴′) ≥ 𝑝′𝑒?

• Use an integer programming solver to check feasibility.

Upon convergence, we obtain the globally optimal score 𝑝∗𝑒 and
backtrack to recover the optimal operator combination 𝐴∗. This
approach involves no discretization and no precision loss.

All the above algorithms can solve the fuzzy logic membership
optimization problem, with different trade-offs among efficiency,
performance, and precision.

5.3 Induction
we have obtained the optimal feasible algorithm. We only need
to pre-train a machine learning model 𝑓 ∗ on this algorithm 𝐴∗

and fine-tune it on the target data to form a dedicated model for
the current target. The trained model can be further used for rule
extraction in subsequent tasks to form a closed loop, thereby realiz-
ing the artificial intelligence meta-cognitive process based on the
abduction-deduction-induction ternary model.

𝑓 ∗ = argmax
𝑓 ∈F

𝑝𝑒 (𝐴∗, 𝑓 , 𝐷𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛, 𝐷𝑡𝑎𝑟𝑔𝑒𝑡 ) (21)

6 Experiments
In terms of experiments, we constructed an operator library based
on self-supervised learning, containing a total of 115 self-supervised
operators. On this basis, we first verified the theoretical part pro-
posed in this paper, proving that the target performance estimation
method based on our theory is highly positively correlated with
the actual performance verified through experiments. Secondly,
we verified the feasibility of the algorithm design based on logical
reasoning proposed by us, which achieved excellent performance
and efficiency on multiple datasets. Finally, we conducted abla-
tion experiments and sensitivity analysis: the former proved that
both satisfiability and completeness rules are necessary, while the
latter, focusing on the fuzzy logic operators 𝑡norm and 𝑡conorm cor-
responding to the conjunction and disjunction logic, proved that
conventional fuzzy logic operators are all applicable under our
algorithm framework.

6.1 Experimental Settings
For the depth of the algorithm, we set 𝑑 = 10. For the choice of
𝑡-norm and 𝑡-conorm, we use the commonly used product/algebraic
sum pair, i.e., 𝑡norm = 𝑎 · 𝑏 and 𝑡conorm = 𝑎 + 𝑏 − 𝑎 · 𝑏.

We selected 11 commonly used unsupervised pre-training tasks
in current self-supervised learning settings, and applied different
augmentation strength parameters, ultimately constructing a bench-
mark containing 115 unsupervised tasks which are shown in 1.
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All operations in the table are implemented based on the torchvi-
sion.transforms module. Under the same dataset, model, and hyper-
parameters, we used different tasks to perform both performance
estimation and actual training. These unsupervised tasks include
ResizedCrop, Rotation, Translate, Shear, Scale, Brightness, Contrast,
Saturation, Hue, HorizontalFlip, and VerticalFlip—all of which are
widely adopted in self-supervised pretraining [3, 4, 11, 12]. The prior
assumption introduced by these tasks assumes that the label re-
mains consistent after data transformations; specifically, the model
is expected to produce identical predictions for two independently
augmented views of the same input sample.

Table 1: Candidate Operators for Experiments

Name Strength Operation
ResizedCrop 𝑠 ∈ [0, 10] ∩ Z ResizedCrop(scale=s/10)
Rotation 𝑠 ∈ [0, 10] ∩ Z Rotation(degrees=s/10*180)
Translate 𝑠 ∈ [0, 10] ∩ Z Affine(translate=s/10)
Shear 𝑠 ∈ [0, 10] ∩ Z Affine(shear=s/10)
Scale 𝑠 ∈ [1, 10] ∩ Z Affine(scale=s/10)

Brightness 𝑠 ∈ [0, 10] ∩ Z ColorJitter(brightness=s/10)
Contrast 𝑠 ∈ [0, 10] ∩ Z ColorJitter(contrast=s/10)
Saturation 𝑠 ∈ [0, 10] ∩ Z ColorJitter(saturation=s/10)

Hue 𝑠 ∈ [0, 5] ∩ Z ColorJitter(hue=s/10)
HorizonFlip 𝑠 ∈ [0, 10] ∩ Z HorizontalFlip(p=s/10)
VerticalFlip 𝑠 ∈ [0, 10] ∩ Z VerticalFlip(p=s/10)

Under the basic setup, we conducted experiments on the CIFAR-
10, CIFAR-100 [16] and ImageNet-200 [21] datasets. For each class,
we selected only 5 labeled examples—i.e., only 50 labeled samples in
total for CIFAR-10, 500 for CIFAR-100 and 1000 for ImageNet-200.
For performance estimation based on proposed indicators, we used
50 unlabeled examples per class—i.e., 500 unlabeled samples for
CIFAR-10, 5,000 for CIFAR-100 and 10000 for ImageNet-200. After
obtaining the optimal algorithm 𝐴∗, we perform pre-training on all
unsupervised data. All the training samples excepted labeled ones
were used as unlabeled data—i.e., 49,950 samples for CIFAR-10 and
49,500 for CIFAR-100 and 99,000 for ImageNet-200. All evaluations
of actual performance were conducted on the full test sets.

In all experiments, we used ViT-B [8] with a patch size of 16 as
the baseline model. The batch size was set to 64 and the estimation
epoch is set to 5 while the training epoch is set to 500, the optimizer
was Adam [15], the learning rate was fixed at 5e-5, and the weight
decay was set to 0.01. The loss function for unsupervised pretext
tasks was uniformly set to mean squared error (MSE) loss, and the
loss function for the supervised target task was set to cross-entropy
loss. All experiments were conducted using the PyTorch framework
on 8 A800 GPUs.

6.2 Estimation
To verify that our proposed theory, which estimates the target
performance based on algorithmic satisfiability and completeness,
serves as a good alternative to the performance obtained by full
training and validation, we validate our proposed estimation strat-
egy on CIFAR10, CIFAR100, and TinyImageNet.

To intuitively illustrate the correlation between the performance
𝑝𝑒 estimated using only a small amount of data and actual target
performance 𝑝𝑡 trained and validated on the full dataset, we plotted
scatter diagrams. We represent operation using color and strength
using opacity. All values on the axes are expressed as percentages.
The comparison between estimated performance and target per-
formance are shown in figs. 1 to 3. In terms of the final results,
the Pearson correlation coefficients between estimated and target
performance for self-supervised learning reaches 0.820, 0.949, 0.678
on CIFAR-10, CIFAR-100, ImageNet-200 respectively.

The experimental results sufficiently demonstrate that the target
performance based on satisfiability and completeness is highly reli-
able. Through hypothesis testing, the proposed estimation method
can accurately predict the real performance that relies on large-
scale training and validation at an extremely low cost, above the
99% confidence level.

Figure 1: This figure illustrates the comparison between esti-
mated performance and target performance after full self-
supervised learning on CIFAR-10 with the basic setup.

Figure 2: This figure illustrates the comparison between esti-
mated performance and target performance after full self-
supervised learning on CIFAR-100 with the basic setup.

6.3 Experiments results
We compare the target performance corresponding to different
inference algorithms. The results demonstrate that our proposed
method is effective.
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Figure 3: This figure illustrates the comparison between esti-
mated performance and target performance after full self-
supervised learning on ImageNet-200 with the basic setup.

We use 𝐴rand to denote RandAugment as the baseline, and 𝐴∗
auto

to denote AutoAugment, an automated machine learning algorithm.
We denote RandAugment as the baseline by 𝐴rand [7], and the
Auto-ML algorithm AutoAugment by 𝐴∗

auto[6]. We use 𝐴∗
greedy, 𝐴

∗
dp,

𝐴∗
pareto, 𝐴∗

annealing, and 𝐴∗
bisection to denote the optimal algorithm

structures obtained by the five inference algorithms, respectively.
The comparison results are shown in tables 2 and 3:

Table 2: The results of algorithm performance.

Method CIFAR10 CIFAR100 ImageNet200
𝐴𝑅𝑎𝑛𝑑 86.7 81.2 73.6
𝐴∗
𝐴𝑢𝑡𝑜

95.8 89.2 77.3
𝐴∗
greedy 95.2 87.1 75.2
𝐴∗
dp 95.7 88.7 77.8

𝐴∗
pareto 95.4 88.7 76.5

𝐴∗
annealing 96.1 89.5 78.2

𝐴∗
bisection 96.2 88.6 77.6

Table 3: The results of time consumption (GPU hours).

Method CIFAR10 CIFAR100 ImageNet200
𝐴∗
𝐴𝑢𝑡𝑜

1012 1152 1432
𝐴∗
greedy 48 51 57
𝐴∗
dp 65 68 77

𝐴∗
pareto 63 67 82

𝐴∗
annealing 63 65 76

𝐴∗
bisection 79 81 92

6.4 Ablation Study
To verify the necessity of the two metrics, satisfiability and com-
pleteness, for optimizing the operator combination, we conducted
ablation experiments. The control groups include 𝑝𝑒 = 𝑝𝑐 (without
using the satisfiability metric), 𝑝𝑒 = 𝑝𝑠 (without using the com-
pleteness metric), and 𝑝𝑒 = 𝑝𝑠 · 𝑝𝑐 (using both metrics). We adopt

Bisection as the basic inference method, and the experimental re-
sults on the CIFAR-10 dataset are shown in table 4.

Table 4: The results of ablation study

Satisfiability Completeness Performance
✓ × 92.1
× ✓ 89.2
✓ ✓ 96.2

6.5 Sensitivity Analysis
To verify the generality of the proposed scheme across different
fuzzy logic operators t-norm and t-conorm, we conducted exper-
iments under various operator combinations. The results demon-
strate that our scheme is effective under different common settings
of fuzzy logic operators.

The widely used 𝑡-norm and 𝑡-conorm operators we compare
also include: the Gödel norm, where 𝑡norm (𝑎, 𝑏) = min(𝑎, 𝑏) and
𝑡conorm (𝑎, 𝑏) =max(𝑎,𝑏); and the Łukasiewicz bounded norm,where
𝑡norm (𝑎, 𝑏) =max(𝑎 + 𝑏 − 1, 0) and 𝑡conorm (𝑎, 𝑏) =min(𝑎 + 𝑏, 1).

We adopt Bisection as the basic inference method, and the ex-
perimental results on the CIFAR-10 dataset are shown in table 5.

Table 5: The results of sensitivity analysis.

𝑡𝑛𝑜𝑟𝑚 𝑡𝑐𝑜𝑛𝑜𝑟𝑚 Performance
min(𝑎, 𝑏) max(𝑎, 𝑏) 95.2

max(𝑎 + 𝑏 − 1, 0) min(𝑎 + 𝑏, 1) 94.9
𝑎 · 𝑏 𝑎 + 𝑏 − 𝑎 · 𝑏 96.2

7 Conclusion
Different from previous high-complexity black-box methods based
on complex search and second-order optimization, this paper at-
tempts to endow artificial intelligence with the ability to adaptively
design algorithms for solving target problems in a logic-reasoning-
based manner. The proposed framework features a transparent
process and strong interpretability, achieves significantly improved
efficiency, and greatly reduces dependence on data and annota-
tion resources, thus establishing a feasible foundation for further
enhancing the meta-capabilities of artificial intelligence. Rooted
in cutting-edge findings in cognitive science, supported by solid
machine learning theories, and empowered by rigorous fuzzy logic
tools, the method in this paper realizes a triple closed loop: extract-
ing rules via abduction, inferring algorithms via deduction, and
training models via induction. For the proposed framework, we pro-
vide diverse feasible solutions. Experiments verify that each of these
solutions has its own merits, and further validate the performance
variations under different settings.

In future work, we will further extend the generality of the
framework to accommodate a wider range of operator libraries,
such as more fine-grained neural network operators, and apply this
framework to more diverse data modalities and task scenarios.
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