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In the history of artificial intelligence research,
machine learning and logical reasoning have al-
most been separately developed. It is often ar-
gued that advanced intelligent technologies would
emerge when machine learning and logical rea-
soning are seamlessly integrated as human beings
generally perform problem-solving based on the
leverage of perception and reasoning, where per-
ception corresponds to a data-driven process that
can be realized by machine learning whereas rea-
soning corresponds to a knowledge-driven process
that can be realized by logical reasoning. Develop-
ing a unified framework which accommodates and
enables machine learning and logical reasoning to
work together has been deemed as the holy grail
challenge for the artificial intelligence community.

The major difficulty lies in the fact that pop-
ular reasoning techniques are generally based on
first-order logic representation, but popular learn-
ing techniques do not. Efforts for bridging ma-
chine learning and logical reasoning generally try
to adapt one to the other. For example, prob-
abilistic logic program (PLP) [1] attempts to ex-
tend first-order logic to accommodate probabilistic
groundings such that probabilistic inference can
be included, whereas statistical relational learn-
ing (SRL) [2] attempts to construct/initialize a
probabilistic model based on domain knowledge
expressed in first-order logic clauses. PLP fol-
lows a “heavy-reasoning light-learning” way that
preserves the strength of logical reasoning but
does not fully exploit machine learning, whereas
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SRL adopts a “heavy-learning light-reasoning”
way that preserves the strength of machine learn-
ing but does not fully exploit logical reasoning.

In this study, we propose abductive learning, a
new framework towards bridging machine learn-
ing and logical reasoning. The abduction, also
known as retro-production, refers to the process
of selectively inferring certain facts and hypotheses
that explain phenomena and observations based on
background knowledge [3]. Given observed facts
and background knowledge expressed as first-order
logic clauses, logical formalization of abductive
reasoning, i.e., logical abduction, can abduce hy-
potheses as possible explanations to the observed
facts. Abduction has been a recurring topic of in-
terest in the field of artificial intelligence, and in
the history it had been tried to integrate with sym-
bolic induction [4,5]. Recently it has been shown
beneficial to exploit logical abduction to introduce
symbolic knowledge into statistical learning [6].
Considering that modern machine learning is also
a kind of induction, it is interesting to leverage
induction and abduction in a mutually beneficial
way in a unified framework.

In conventional supervised learning, e.g., clas-
sification, we are given a set of training examples
{(z1,91), -, (®m,Ym)} where ¢, € X is the i-
th training instance, y; € )Y is the ground-truth
class label, and the task is to learn a function
f X — Y from the input space X to the out-
put space ) to accurately predict the unseen data.
The setting of abductive learning is a bit differ-
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(a) Conventional supervised learning where the ground-truth labels of training data are given and (b) abductive

learning where a classifier and a knowledge base are given. The given information is highlighted in black; the machine
learning and logical reasoning components are shown in blue and green, respectively. In (b), the given classifier helps
generate pseudo-labels, leading to pseudo-groundings; then, revisions to the pseudo groundings (shown as a red triangle)
are generated via logical abduction based on minimizing the inconsistency with the knowledge base. The abduced labels
are used to train the classifier, which is then adopted to replace the original classifier in the next iteration.

ent: We are given {x1,..., &, }, a knowledge base
KB, and a classifier C; the task is to learn a func-
tion f for making correct predictions on unseen
data, and meanwhile, the logical facts grounded by
{(x1, f(x1)),..., (@m, [ (®m))} should be com-
patible with B. Formally, given {x1,...,x;}, C
and KB, the task is to seek a function f such that

{w1,....z;}, > O (1)
s.t. KB = O, or (2)
KB = A(O), f <+ 9(f,A0)),(3)

where O denotes the logical facts grounded by x;’s
and f, and |= denotes logical entailment. If O is
consistent with KB as shown in (2), the current f
will be returned; otherwise, A(Q) will be gener-
ated via logical abduction as specified by the first
equation in (3), and f will then be updated based
on A(O) by a process t. If O is not compatible
with B, i.e., KB £ O and there does not exist A
enabling KB = A(O), the process terminates and
return False.

Figure 1 provides a simple illustration. In con-
trast to conventional supervised learning, the pro-
posed abductive learning does not rely on ground-
truth labels (although the existence of ground-
truth labels will make it easier as will be dis-
cussed later). Instead, the learning is facilitated
with a classifier and a knowledge base containing
first-order logic clauses. Predictions made by the
classifier are used as pseudo-labels of the train-
ing instances, leading to pseudo-grounded facts
such as the A,—B,...,~C shown in Figure 1(b),
corresponding to O in (1). Then, a logical rea-
soning process is applied to verify whether these

pseudo-groundings are consistent with the knowl-
edge base. If the findings are consistent, corre-
sponding to the situation implied by (2), the learn-
ing process terminates and the current classifier,
f, is returned. Otherwise, a hypothetical revi-
sion to the pseudo-groundings, based on minimiz-
ing the inconsistency with the knowledge base, will
be generated via logical abduction. For example,
suppose that the =C in the pseudo-groundings in
Figure 1(b) has been hypothetically suggested to
change to C as the minimal revision, correspond-
ing to A(O) in (3), to make the groundings consis-
tent with the knowledge base. Then, the revision
is performed, leading to the modification of some
pseudo-labels to generate the abduced-labels. The
abduced-labels will be used like ground-truth la-
bels in conventional supervised learning to train
the classifier which will then be adopted to replace
the original classifier in the next iteration, corre-
sponding to the 1) process in (3).

Some remarks are to be made. First, although
Eq. (1) and Figure 1(b) are not based on the as-
sumption of the existence of ground-truth labels,
this does not imply that abductive learning can-
not utilize ground-truth labels. Actually, if some
ground-truth labels are available, the pseudo-
grounded facts are expected to be more reliable
and the logical abduction can be more effective
because the ground-truth labels help prune the hy-
pothesis space for abduction. Ground-truth labels
can also be used to train the final classifier, lead-
ing to potential improvement of performance. In-
deed, abductive learning can be regarded as a spe-
cial kind of weakly supervised learning [7], where
the supervision information comes from knowledge
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reasoning. Evidently, supervision can be enhanced
if ground-truth labels are given in addition to the
knowledge base.

Second, the initial classifier can be simple, such
as preprocessing based on clusterings or near-
est neighbor classification. In practice, it is
more amenable to be a pre-trained model, e.g., a
deep learning model pre-trained from benchmark
datasets. It can also be a result of transfer learn-
ing from relevant tasks, or even a reusable learn-
ware [8]. If abundant labeled data are given, the
initial classifier is not required because the logi-
cal groundings can be directly generated by the
labeled data; in this sense, labeled data can be
regarded as an alternative to an initial classifier.

Third, Egs. (2) and (3) and Figure 1(b) assume
that the given knowledge base is accurate and con-
sistent; thus, only revisions of pseudo-groundings
will be considered to minimize the inconsistency
with the knowledge base. In real practice, how-
ever, the given knowledge base may be inaccu-
rate or may contain contradicting clauses; there-
fore, the knowledge base itself is subject to refine-
ment. This will make the abductive learning pro-
cess more complicated, and many technical chal-
lenges should be addressed. Actually, even if the
knowledge base is assumed to be accurate and con-
sistent, minimizing the inconsistency remains a big
challenge because it involves optimization on sym-
bolic relations rather than the commonly used nu-
merical optimization.

The conversion of pseudo-labels to pseudo-
groundings, and vice versa, is dependent on the
realization. For example, in the neural logical ma-
chine (NLM) [9], an implementation of abductive
learning, the conversion was simply made by re-
garding the labels predicted by the classifier as ar-
guments in predicates of first-order logic clauses;
therein, the classifier and logical reasoning were
realized by a convolutional neural network and
abductive logic programming, respectively. The
machine learning component is realized by convo-
lutional neural networks; therefore, the resulting
NLM model is related to neural-symbolic learn-
ing systems [10]. However, the abductive learn-
ing framework is highly general and flexible and
other machine learning mechanisms, besides deep
learning, can be employed. The logical abduction
can be similarly realized via other logical reasoning
mechanisms and need not be limited to abductive
logic programming.
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From a psychological viewpoint, the percep-
tion and reasoning of human beings are entangled
rather than separated; this is reassembled to some
sense in abductive learning. Indeed, human per-
ception is not always accurate, and some misper-
ceptions can be corrected when the perceived pat-
terns are involved in reasoning, wherein the rea-
soning process can provide a “guess” about the
correct patterns. Such guesses are simulated by
the abducted-labels in Figure 1(b). Human knowl-
edge can be updated/refined when new facts are
observed; this can be simulated via (potential)
knowledge refinement in abductive learning.

In summary, abductive learning provides a new
framework, in which machine learning and logical
reasoning can be entangled and mutually benefi-
cial. This framework is quite general, with numer-
ous avenues for future investigations. The explo-
ration of abductive learning will possibly provide
new approaches for developing a unified framework
that accommodates learning and reasoning.
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