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Abstract

We propose KILL (Knowledge Injection via Lambda Layer) as a novel method for the injection of symbolic
knowledge into neural networks (NN) allowing data scientists to control what the network should (not)
learn. Unlike other similar approaches, our method does not (i) require ground input formulee, (ii) impose
any constraint on the NN undergoing injection, (iii) affect the loss function of the NN. Instead, it acts
directly at the backpropagation level, by increasing penalty whenever the NN output is violating the
injected knowledge. An experiment is reported to demonstrate the potential (and limits) of our approach.
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1. Introduction

A major issue in supervised machine learning (ML) is the usage of opaque predictors — such as
neural networks (NN) - as black boxes [1]. It is not trivial to understand what NN actually learn
from training data, and how they generalise from that data to the whole domain. Currently,
state of the art solutions address this issue by supporting their inspection via a plethora of
different mechanisms [2].

In this work we tackle the problem from another prospective. We discuss how prior symbolic
knowledge can be injected into NN, during learning, in order to endow them with the designer’s
common sense. Injected knowledge may thus harness the NN and make it learn what desired,
while preventing it from violating the designer’s constraints—expressed in a symbolic way.
Along this line, we propose KILL (Knowledge Injection via Lambda Layer) as a method for
the injection of logic formulee in Datalog form [3] into neural networks of any shape. Unlike
other related works, our method (i) does not require the input formule to be ground, (ii) it
does not imposes any constraint on the NN undergoing injection, (iii) and it does not require
the loss function of the network to be affected. Conversely, our method acts directly at the
backpropagation level, by increasing the penalty to be backpropagated whenever the NN output
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is violating the knowledge to be injected. In other words, KILL performs knowledge injection
by constraining networks’ training to adhere to the symbolic knowledge.

To validate our method, we report a simple experiment where the designer’s common sense
- conveniently represented as logic formulee - is injected into a NN classifier, to improve its
accuracy. Notably, our experiment shows how KILL can be exploited to improve classification
performance in inconvenient scenarios where training data is relatively small, and classes are
unbalanced and overlapping. Indeed, thanks to symbolic knowledge injection, these incon-
veniences can be effectively tackled without re-engineering the dataset. The experiment also
reveal a lack of robustness w.r.t. extremely rare classes. Notably, this limitation let us elaborate
an interesting discussion on the limits of symbolic knowledge injectionattained via constraining.

Accordingly, the paper is organised as follows. Section 2 briefly summarises the background
on symbolic knowledge injection, eliciting a number of related works. Then, Section 3 formally
describes KILL, as well as its rationale and internal operation. Section 4 then reports our
experiments and their design, while results are discussed in Section 5. Finally, Section 6
concludes the paper providing some insights about how the current limitations of KILL could
be overcame.

2. Background & related works

In this paper, symbolic knowledge injection (SKI) is the task of letting a sub-symbolic predictor
exploit formal, symbolic information to improve its predictive performance (e.g. accuracy, F1-
measure, learning time, etc.) over data or to use the predictor as a logic engine. Unlike numeric
data upon which predictors are commonly trained, symbolic data is generally more compact
and expressive, as intensional representations of complex concepts may be concisely written. In
particular, symbolic information may encode bold rules that must be satisfied by the concepts
the predictor is willing to learn. Hence, provided that some SKI procedure is available, data
scientists may craft ad-hoc collections of symbolic expressions aimed at aiding the training of a
particular predictor, for a specific learning task. In other words, injection enables provisioning
prior knowledge — namely, the designer’s common sense — to ML predictors under training.

When it comes to neural networks, approaches for SKI are manifold, and the literature on
this topic is vast [4, 5, 6]. Broadly speaking, there exist at least two major sorts of approaches -
not mutually exclusive — supporting the injection of symbolic knowledge into neural networks.
Approaches of the first sort perform injection during the network’s training, using the symbolic
knowledge as either a constraint or a guide for the optimisation process [7, 8, 9, 10, 11, 12].
Conversely, approaches of the second sort perform injection by altering the network’s architec-
ture to make it mimic the symbolic knowledge [13, 14, 7, 15, 16, 17, 18, 11, 19]. In the reminder
of this paper, we focus on approaches of the former sort, as our proposed method falls in this
category.

According to the state of the art, the latter strategy commonly works by converting the
symbolic knowledge into an additive regularisation term to be added to the loss function used for
training. In particular, when the predictor is a NN, knowledge injection is performed during the
back propagation step. When the loss function is evaluated, if the network violates the integrated
symbolic constraints, then the actual loss value will be grater than the unconstrained case. In



this way, data scientists can lead the networks’ learning algorithm to minimise constraints
violation, while minimising its error w.r.t. the data as well. Concerning the symbolic knowledge,
virtually all techniques we are aware of require information to be represented via (some subset
of) first order logic (FOL) formulee—e.g. propositional logic (quite limited) [14, 7, 15, 18, 9, 10, 12]
or full FOL [13, 16, 17]. Actual methods may then vary, depending on (i) which particular sub-set
of FOL they rely upon, (ii) how are logic formule interpreted as constraints, and (iii) whether
formulee require to be grounded or not, before SKI can occur. To the best of our knowledge,
virtually all methods proposed so far work by converting formuale in fuzzy logic functions,
and they often require be grounded at some point in the process.

With respect to other state-of-the-art contributions, our proposal differs in several ways.
In particular, we accept logic formulee in Datalog form as input — meaning that we support
a restricted subset of FOL —, and we do not require those formulee to be ground—neither are
formulee grounded anywhere in the process.

3. Knowledge Injection via Lambda Layer

We propose KILL - short for Knowledge Injection via Lambda Layer — as an approach to SKI
where the training process is constrained in such a way that the network is penalised whenever
its predictions are in conflict with the symbolic knowledge to be injected. In doing so, our
approach does not impose any constraint on the architecture (e.g. number of layers, number of
neurons, types of activation functions, etc.) or the initialisation status (e.g. random weights or
partially trained) of the network subject to injection. It does require, however, (i) the network
to have an input and an output layer, and (ii) to be trained via gradient descent. Furthermore, it
also requires (iii) the symbolic knowledge to be expressed via one or more Datalog formulee,
and (iv) to encode logic statements about the network’s input or output features.

3.1. A-layers for SKI

KILL performs injection during training. It works by appending one further layer — the A-layer
henceforth — at the output end of the neural network, and by training the overall network as
usual, via gradient descent or others similar strategies. The A-layer is in charge of introducing
an error (w.r.t. the actual prediction provided by the network’s output layer) whenever the
prediction violates the symbolic knowledge. The error is expected to affect the gradient descent
- or whatever optimisation function - in such a way that violating the symbolic knowledge is
discouraged. In other words the NN inductively learns the penalties applied to wrong predictions
over the examples and conversely it is much more inclined to avoid such wrong predictions. To
serve its purpose, the A-layer requires an ad-hoc activation function altering the outcome of the
network’s original output layer. It also needs the logic formulee to be numerically interpreted
- i.e., converted into functions of real numbers —, to draw actual error values. Once the NN
training is over, the injection phase is considered over as well, hence the A-layer can be removed
and the remaining network can be used as usual. Hence, no architectural property of the original
network is hindered by the addition of the A-layer.

Differences notwithstanding, injecting by regularising the loss function and injecting using
the A-layer serve the same purpose. However, in some cases it may be easier to manipulate



Figure 1: General architecture of a NN with n hidden layers, X and Y are respectively the input and
output layers. Before training, the KILL algorithm is applied to the predictor so that a new model
constrained by the knowledge base (KB) is created. The A-layer is kept during the training and then
removed for the inference.
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the network via the A-layer rather than the loss function or in other scenarios the designer
may choose to preserve the layer after the training possibly with a different cost function than
the one reported in Equation (1). A more detailed discussion about the advantages of A-layeris
reported in 5.

In the reminder of this section we delve into the details of KILL. First, we discuss how the
A-layer affects the network architecture, and how it works in detail. Then, we discuss how logic
formulee can be numerically interpreted as errors.

3.2. Additional A-layer

We consider the case of a symbolic knowledge base, denoted by /C, to be injected into a feed-
forward NN of arbitrary depth, denoted by N. We denote as X (resp., Y) the input (resp.,
output) layer of . Without loss of generality, we consider the case where the shape of Y’
is n x 1, but a similar discussion would hold for layers of any shape (e.g. bi-, tri-, or multi-
dimensional). We draw no assumptions on the activation function of Y, nor on the amount,
topology, or nature of the hidden layers connecting X and Y, nor on the shape of X. Hence,
we denote by y = [y1,. .., yn| the output of Y —i.e., the prediction of the network for some
input x. We also assume X to be composed by as many rules are the neurons in Y, thus we
write I = {¢1,. .., dn}, where ¢; is a symbolic formula describing/constraining the relation
among x and y;.

To perform injection, we alter the structure of N’ by adding one additional layer — namely,
the A-layer — as depicted in Figure 1, and we then train it as usual, via gradient descent. The



A-layer is densely connected with both X and Y, and its activation function aims at introducing
a penalty on y; every time the formula ¢; is violated by some input-output pair (x,y). In
particular, we denote as A the output of the A-layer, which is defined as follows:

A=y x (14 C(xy)) 1)

where C(x,y) is a positive penalty vector representing the cost of modifying the actual output
of the network y.
In turn, the cost vector is defined as follows:

Cx,y) =[c1(x,y1)s -5 Ci(X, i)y -+ oy Cn (X, Yn)] (2)

where ¢; : X x Y — [0, 1] is a function interpreting ¢; as a cost in the [0, 1] range, for possible
actual value of x and y;.

An in-depth discussion about how logic formulee can be interpreted as continuos (a.k.a. fuzzy)
penalties is provided in Section 3.4. For now, it is enough to understand that a penalty is
added on the output of the i neuron of Y whenever the corresponding prediction violates the
symbolic knowledge in K. Such penalty is closer to y; when the formula ¢; is violated the most,
while it is closer to 0 either when the formula is violated the less, or there is no formula for that
neuron.

The rationale behind the A-layer, and the penalty it introduces, is that of altering the output
of the network in such a way that its error is very high when it violates the knowledge base to be
injected. In this way, the network error is the result of a function of two different components:
the actual prediction error and the penalty. The overall error is thus minimised during back
propagation, as well as both its components.

3.3. Input knowledge

KILL supports the injection of knowledge bases composed by one or more logic formule in
“stratified Datalog with negation” form—that is, a variant of Datalog [20] with no recursion
(neither direct nor indirect), yet supporting negated atoms.

We choose Datalog because of its expressiveness (strictly higher than propositional logic) and
its acceptable limitations. The lack of recursion, in particular, prevents issues when it comes to
convert formule into neural structures (which are DAG).

More precisely, Datalog is a restricted subset of FOL, representing knowledge via function-free
Horn clauses [3]. Horn clauses, in turn, are formulee of the form ¢ <— )1 A Y2 A ... denoting
a logic implication (<) stating that ¢ (the head of the clause) is implied by the conjunction
among a number of atoms 1, 19, . . . (the body of the clause). Since we rely on Datalog with
negation, we allow atoms in the bodies of clauses to be negated. In case the i*" atom in the body
of some clause is negated, we write —t);. There, each atom ¢, ¥1, 2, ... may be a predicate of
arbitrary arity.

An [-ary predicate p denotes a relation among [ entities: p(t1,...,%;) where each ¢; is a
term, i.e., either a constant (denoted in monospace) representing a particular entity, or a logic
variable (denoted by Capitalised Italic) representing some unknown entity or value. Well-
known binary predicates - e.g., >, <, = — are admissible, too, and retain their usual semantics



from arithmetic. For the sake of readability, we may write these predicates in infix form—hence
> (X, )=X>1.

Consider for instance the case of a rule aimed at defining when a Poker hand can be classified
as a pair—the example may be useful in the remainder of this paper. Assuming that a Poker
hand consists of 5 cards, each one denoted by a couple of variables R;, S; — where R; (resp. S;)
is the rank (resp. seed) of the i*” card in the hand -, hands of type pair may be described via a
set of clauses such as the following one:

paiT(Rl,Sl,...,R5,S5) +— Ri=Ry
pair(R1,S1,...,R5,55) < Ro=Rj3 )
. 3

pair(R1,S1,...,R5,55) <« Ry=Rs

To support injection into a particular NN, we further assume the input knowledge base
defines one (and only one) outer relation - say output or class — involving as many variables as
the input and output features the NN has been trained upon. That relation must be defined via
one clause per output neuron. Yet, each clause may contain other predicates in their bodies, in
turn defined by one or more clause. In that case, since we rely on stratified Datalog, we require
the input knowledge to not include any (directly or indirectly) recursive clause definition.

For example, for a 3-class classification task, any provided knowledge base should include a
clause such as the following one:

class(X,y1 p1(X) A p2(X)

™
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where X is a tuple having as many variables as the neurons in the output layer, y; is a constant
denoting the i class, and p1, pa, p}, Py, p, pY are ancillary predicates defined via Horn clauses
as well.

3.4. Logic formulae as penalties

Before undergoing injection, each formula corresponding to some output neuron must be
converted into a real-valued function aimed at computing the cost of violating that formula. To
this end, we rely on a multi-valued interpretation of logic inspired to Lukasiewicz’s logic [21].

Accordingly, we encode each formula via the [-] function, mapping logic formule into real-
valued functions accepting real vectors of size m + n as input and returning scalars in R as
output. These scalars are then clipped into the [0, 1] range, via the  : R — [0, 1], defined as



Table 1

Logic formule’s encoding into real-valued functions. There, X is a logic variable, while x is the
corresponding real-valued variable, whereas is X a tuple of logic variables. Similarly, k is a numeric
constant, and k is the corresponding real value, whereas k; is the constant denoting the i'" class of a
classification problem. Finally, expr(X) is an arithmetic expression involving the variables in X.

Formula ‘ C. interpretation H Formula ‘ C. interpretation
[-¢] n(1 —[¢) [¢ <v] (o] - [¥1)
[env] | n(max([e], [¥])) [class(X, yi) < ¢] [v]”
[¢ V] n(min([9], [¢])) [expr(X)] expr([X])
[¢ =] n([e] - [#11) [true] 0
[¢ # vI [-(¢=v)] [false] 1
[¢>4] | n(0.5—[¢] + [¥]) [X1] z
[¢ > ¥] n([v] - [2]) [x] k
[¢ <¥l | n(0.5+ (o] - [¥]) [p (X1 [v1 V..oV ]

* encodes the penalty for the 3" neuron

** assuming predicate p is defined by k clauses of the form:

p(X) 1, ..., p(X) + g
follows:
0 ifz<0
nz)=<z if0<z<1 (4)
1 ifz>1

The resulting values are the penalties discussed in Section 3.2. Hence, the penalty associated
with the i neuron violating rule ¢; can be written as ¢;(x,v;) = n([¢:] (%, v;)).

The [-] encoding function is recursively defined in Table 1. Put it simply, when comput-
ing the penalty c;(x, ;) of the i*" neuron, KILL looks for the only Datalog rule of the form
class(X,y;) < . It then focuses on the body of this rule - namely, ¥ — ignoring its head—since
the head simply reports which expected output the rule is focussing upon. If the body % contains
some predicates p1, p2, defined by one or more clauses in the provided knowledge base, then
these predicates are replaced by the disjunction of the bodies of all clauses defining them. This
process is repeated until no ancillary predicates remain in ¢, except for binary expressions
involving input variables, constants, arithmetic operators, and logical connectives. Finally,
operators and connectives are replaced by continuous functions, as indicated by Table 1. The
hole process produces a real-valued interpretation of the original formula which shall be used
by KILL to compute ¢;(x, y;).

Figure 2 depicts an example of the encoding process where a logic formula is firstly simplified
- i.e., converted in a form where it only contains a minimal subset of operators —, and then
encoded into an actual real-valued function. The example formula is:

class(X1,X9,2z) < (X1 > k) A (X2 >h)

where k, h, z are numeric constants, while X; and X5 are input variables and Y is an output
variable. In particular, Figure 2a shows the abstract syntax tree (AST) of this formula, Figure 2b



shows the same AST where the < operator is replaced by a negated > operator, and Figure 2c
shows the AST of the encoded function.

Figure 2: Example of the encoding process of logic formule into real-values functions. Only AST are
depicted. Box coloured in the same way represent the encoding of a given operator through each
encoding step. So, for instance, operator < (red) is firstly converted into a negated >, and then in a
combination of maxz and subtractions.

@0 &é é %

(a) AST of a logic formula

(b) Simplified AST of a logic for-

mula

(c) AST of the same formula, en-
coded as real-valued function

4. Experiments

Here we report a number of experiments aimed at assessing KILL for SKI w.r.t. its capability
to improve neural networks’ predictive performance.! A public implementation of the KILL
algorithm is available on PSyKI [22].

The design of the experiments is straightforward. We consider a simple learning task —
namely, classification — on a finite domain where (i) it is easy to formulate correct constraints
in Datalog, and (ii) NN training is difficult because of, e.g., poor separability among classes,
as well as unevenly distributed training data. Along this line, we write a set of logic formulee,
one for each class, logically denoting how classification should be performed. We then train a
neural network to solve such a classification task, with and without injecting those formulee.
We repeat the experiment by injecting different subsets of formulze each time. Finally, we assess

"For the sake of reproducibility, the code of our experiments is available at https://github.com/MatteoMagnini/
kill-experiments-woa-2022.
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Table 2

Poker hand dataset statistics per class.

Train. Train. Test Test

Class

Instances | Freq. (%) | Instances | Freq. (%)
nothing 12,493 49.95 501,209 50.12
pair 10,599 42.38 422,498 42.25
two pairs 1,206 4.82 47,622 4.76
three of a kind 513 2.05 21,121 2.11
straight 93 0.37 3,885 0.39
flush 54 0.22 1,996 0.2
full house 36 0.14 1,424 0.14
four of a kind 6 0.024 230 0.023
straight flush 5 0.02 12 0.001
royal flush 5 0.02 3112-107°
Total 25,010 100 1,000,000 100

if and under which circumstances SKI succeeds/fails in improving the network’s predictive
accuracy.

The rationale behind the experiment design is to assess the effectiveness of SKI in a toy
scenario where the correctness of the symbolic knowledge is undoubted, and where an ordinary
NN may easily struggle in reaching good predictive performance in a reasonable time. A
secondary goal of this design is to identify potential corner cases where SKI falls short.

As we empirically demonstrate in the remainder of this section, KILL is capable of improving
the predictive performance of a neural network classifier trained on such dataset, despite being
sensitive to severe class unbalancing. A discussion about the possible motivations behind such
sensitivity is then provided in Section 5.

4.1. Poker hand data set and logic rules

We rely on the poker hand data set [23], which subtends a multi-classification task on a finite
— yet very large — discrete domain, where classes are overlapped and heavily unbalanced,
while exact classification rules can be written in logic formulee. It consists of a tabular dataset,
containing 1,025,010 records—each one composed by 11 features. Each record encodes a poker
hand of 5 cards. Hence, each records involves 5 couples of features — denoting the cards in
the hand -, plus a single categorical feature denoting the class of the hand. Two features are
necessary to identify each card: suit and rank. Suit is a categorical feature (heart, spade, diamond
and club), while rank is ordinal feature—suitably represented by an integer between 1 and 13
(ace to king). The multi-classification task consists in predicting the poker hand’s class. Each
hand may be classified as one of 10 different classes denoting the nature of the hand according
to the rules of Poker (e.g. nothing, pair, double pair, flush).

This data set satisfies all the aforementioned requirements: (i) the input space is discrete and
finite in size?, and the available dataset is just a small sample of it; (ii) classes are extremely
unbalanced, as shown in Table 2: a few classes (e.g. nothing and pair) cover nearly half of the

*The size of the input space is the amount 5-permutations of 52 cards, i.e., (52573'5),



dataset, while most classes cover less than 1% of the dataset; (iii) there is a hierarchy between
classes (e.g. if there are three cards with same rank, then class is three of a kind even if the
condition for one pair is satisfied). We use 25,010 records for training and the remaining million
for testing, as shown in Table 2.

We define a class rule for each class, encoding the preferred way of classifying a Poker hand.
For example, let {51, R1, ..., S5, Rs} be the logic variables representing a Poker hand (S for
suit and R for rank), then for class f1ush we define the following rule:

class(Rl,Sl,...,R5,S5,flush) — ﬂush(Rl,Sl,...,R5,S5) (5)
ﬂush(Rl,Sl,...,R5,S5) — S1=5A5=535AN51=54A51=155

All other rules have the same structure as equation 5: the left-hand side declares the expected
class, while the right-hand side describes the necessary conditions for that class—possibly, via
some ancillary predicates such as flush. Table 3 provides an overview of all the rules we rely
upon in our experiments.

4.2. Methodology

It is worth repeating that we choose to use the same data partitioning proposed by the authors
of the dataset, meaning that for the training set we rely on 25.010 samples, therefore 1.000.000
for the test set. Such a small training set w.r.t. the test set is quite unusual, since it makes the
task more challenging, yet at the same time results are more reliable.

We use the same starting model for all the experiments, consisting of a fully connected NN
with 3 layers, where each layer has rectified linear unit (ReLU) as activation function except for
the last one that has softmax. We use categorical cross-entropy as the loss function for training.
After empirical experiments, the best NN has 128 neurons in the first and second layer—10 for
the output layer (number of classes). We use batch size equals to 32 and 100 epochs for network’s
training. Networks’ performance is evaluated using accuracy, macro-F1 and weighted-F1 score
functions. To evaluate network’s performance with knowledge integration we remove the
A-layer and use the resulting NN as is.

Since we are not relying on any validation set, to avoid overfitting we use 3 stopping criteria
during the training of the network: (i) for the 99% of training examples the activation of every
output unit is within 0.25 of correct, (ii) at most 100 epochs, (iii) predictor has at least 90% of
accuracy on training examples but has not improved its ability to classify training examples for
5 epochs. Similar criteria were used in [14].

Finally, we run 30 experiments for each configuration to have a statistical population for
comparisons.

4.3. Results

We define two different configurations for experiments: (i) “classic”, where we use the NN

described in Section 4.2, (ii) “knowledge”, where we apply KILL algorithm on the same network

architecture. For both configurations we use the same hyper-parameters and run 30 experiments.
Results are reported in Table 4 and in Figure 3.



Table 3

Datalog formula describing poker hands. For the sake of readability variables in the head of formulae

and in the ar

guments of predicates are abbreviated.

Class ‘ Logic Formulation
class(Ry, ..., Ss,pair) < pair(Ry,...,Ss)
pair(Ry,...,S5) < R = Rs
pair(Ry,...,S5) < R = R3
pair(Ry,...,55) < Ry = Ry
pair(Rl, .,S;)) — R1 = R5
Pair pair(Ry,...,S5) Ry = Rs
pair(Ry,...,S5) Ry = Ry
pair(Ry,...,S5) < Ry = Rs
pair(Ry,...,S5) « Ry = Ry
pair(Ry,...,S5) + Ry = Rs
pair(Ry,...,S5) « Ry = Rs
77 cass(Ry,. .., S5, two) < two(Ry,...,Ss) T T oo
two(Ry,...,S5) « Ry = Re ARy = Ry
two(Ry,...,S5) « Ry = R3 ARy = Ry
two(Ry,...,S5) + Ri = R4 ARy = R3
two(Ry,...,S5) < Ry = Ry ANR3 = Rs
two(Ry,...,S5) < Ry = R3ANR3 = Rs
two(Ry,...,S5) < Ry = Ry ARy = R3
. th(Rl,...,S5 < Ry =RyANRy=Rjy
Two Pairs two(Rl, o Sr,; <~ Ry =R4ANRy=Rj5
1 ( s S) = Rs ARy = Ry
( ,S5) =R3ANRy=Rs
( 3 Sr) =Ry N R3=Rs5
( 3 S: ) = Rs AN R3 =Ry
(R, Ss) =R3 ARy =Rs
(R, Ss) =Ry ANR3 =Rs
, S, ) = Rs AN R3 = Ry
.., S5, three) « three(Ry,...,Ss) oo T
=Ry ARy =R3
=Ry ARy =Ry
=Ry ARy =Rj5
=R3 ARy =Ry
Three of a Kind =R3 ARy =Rj
=RyANRy = Rs5
= R3 ARy =Ry
= R3 ARy =Rj5
= R4 ARy =Rj5
=Ry AN R3 =Rs5

Four of a Kind

Nothing

5. Discussion

, S5, straightfflush) — 7'oyal(R1, .

*,SS) /\ﬁush(Rl,...

class(Ry, ..., S5, stralght) « royal(Ry,...,Ss5)
class(Ry,. .., S5, straight) < straight(Ry,...,Ss)
straight(Ry, ... 55) (R1+ Ry + R34+ Ry + Rs) = (5« min(Ry, ..., Rs) +10) A —pair(Ry,. .., Ss)
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In general, experiments show that both predictors are very good in classifying common classes

such as “nothing” and “pair”. Also for less frequent classes

, “two pairs” and “three of a kind”,



Table 4
Test set accuracy, macro-F1 and weighted-F1 on all classes and single mean class accuracies. All measures
represent the mean over the experiment population (30).

Metric ‘ Classic Knowledge H Metric Classic Knowledge
Accuracy 0.962 0.978 || Acc. Straight 0.415 0.509
Macro-F1 0.512 0.538 || Acc. Flush 0.002 0.002
Weighted-F1 0.96 0.977 || Acc. Full 0.628 0.69
Acc. Nothing 0.977 0.989 || Acc. Four 0.186 0.19
Acc. Pair 0.968 0.985 || Acc. Straight F. 0.003 0
Acc. Two Pairs 0.867 0.914 || Acc. Royal F. 0 0
Acc. Three 0.913 0.922
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Figure 3: Class accuracy distributions of the two kinds of experiments: blue colour is used for “classic”
experiments while red colour is used for the ones with KILL (“knowledge”).

accuracy is still high. The remaining six classes represent the 0.8% of the training set and
therefore much more difficult to correctly predict. For “full house” and “straight”, accuracy has
middle values, while for the remaining classes accuracy is pretty close to 0. All of this is quite
expected due to the strong unbalance in the distribution of classes. The only remarkable fact is
that accuracy is extremely low for class “flush” even if less frequent classes such as “full house”
and “four of a kind” have higher accuracy. We hypothesise that this happens because the vast
majority of data consists in classes which depend only on the values of rank and therefore the
network tends to consider it much more. Indeed, only “flush”, “straight flush” and “royal flush”
(about the 0.26% of the training set) depend on the values of suit.

Concerning the comparison between the “classic” predictor — with no additional knowledge —
and the “knowledge” predictor — obtained by applying KILL algorithm — results show that the



latter has higher performances with statistic significance (Student-T test with p-value < 0.01
when comparing the overall accuracy of the two populations of experiments). In particular, we
can observe that the predictor exploiting knowledge during training has on average a higher
accuracy for all frequent classes. Also for less common classes such as “straight” and “full house”
there is great improvement. However, accuracy is not improved for “flush” and very sporadic
classes. We speculate that the reason for the lack of improvement in the prediction of rare
classes lies on the kind of injection we are performing. Injecting knowledge by constraining
the network during the training is effective as long as classes are represented by a sufficient
amount of examples. For instance, if a class is not represented at all, having a logic rule for that
specific class is the same as not having it. So, if we have only few units representing a class
over a million of examples the effect it is too small to make a difference. We believe that this
issue is possibly common upon all SKI algorithms based on constraining, however this should
be verified in future works.

To overcome such limit, we may exploit the advantage of having a A-layer affecting the
constraining instead of operating directly on the loss function of the network. More precisely,
we can keep the A-layerafter the training of the network and just change the function in
Equation (1) in such a way that the cost of the violation of the knowledge is used to reduce the
network’s error and not to increase it. This should be also explored in future works.

6. Conclusion

In this work we define KILL, a general technique for prior symbolic knowledge injection into
deep neural networks. Designers may use Datalog rules to express common sense that are
injected through A-layer into the network. Rules are encoded into class specific fuzzy logic
functions that add a cost to the class prediction value when the rule is violated.

We report a number of experiments where we compare networks without knowledge in-
jection with networks that receives additional information in a multi-classification task. The
selected task has some common criticalities of ML classification tasks, in particular data set
size limitation, unbalanced classes, class overlapping, and intra-class constraints. Results show
that out approach can improve network’s accuracy for classes that are not too sporadic and the
overall network’s accuracy. However results reveal a limitation: KILL is quite sensitive w.r.t.
situations which have been rarely met during training. We speculate this is general limitation
characterising SKI methods acting by constraining the predictor during training. Along this line,
further experiments over different methods are required to confirm such general statement.

Accordingly, in our future works we shall consider different A-layer functions and test the
technique on different domains. To mitigate the sensitivity w.r.t. rare situations, we intend to
investigate scenarios where we keep the A-layer after the training but instead of increase the
network’s error it should reduce the error w.r.t. the prior knowledge (i.e., use a different function
in the A-layer). In this way we combine techniques based on both constraining during the
training and structuring (i.e., altering the predictor’s architecture). This is expected to mitigate
the SKI as information about rare situation is encoded into the network structure after the
training.
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