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A Neural Network With Logical
Reasoning Based on Auxiliary Inputs
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1 Ningquan Technology Co. Ltd., Shenzhen, Ching Southern University of Science and Technology, Shenzhen,iha

This paper describes a neural network design using auxiligrinputs, namely the
indicators, that act as the hints to explain the predicted outcome through logical
reasoning, mimicking the human behavior of deductive reasuong. Besides the original
network input and output, we add an auxiliary input that re €ts the speci c logic of the

data to formulate a reasoning process for cross-validationVe found that one can design
either meaningful indicators, or even meaningless ones, vem using such auxiliary inputs,
upon which one can use as the basis of reasoning to explain thpredicted outputs. As a
result, one can formulate different reasonings to explaiine predicted results by designing
different sets of auxiliary inputs without the loss of trustorthiness of the outcome. This is
similar to human explanation process where one can explaime same observation from
different perspectives with reasons. We demonstrate our rtevork concept by using the

MNIST data with different sets of auxiliary inputs, where aesies of design guidelines
are concluded. Later, we validated our results by using a sebf images taken from
a robotic grasping platform. We found that our network enhaoed the last 1-2% of
the prediction accuracy while eliminating questionable jdictions with self-con icting

logics. Future application of our network with auxiliary puts can be applied to robotic
detection problems such as autonomous object grasping, whee the logical reasoning
can be introduced to optimize robotic learning.

Keywords: logic reasoning, neural network, deep learning, robotic grasping, auxiliary input

1. INTRODUCTION

Current arti cial neural networks (ANNSs) usually focus ohé layers of computation between the
input and output for a converging prediction using probabilistiata processing_€Cun et al.,
2015. Inspired by the neurons in animal brains, such ANNs are fowseful in solving problems
which were previously di cult to model using rule-based alggbms (Goodfellow et al., 20)6
Both human and arti cial learning requires a fair amount o&té or examples to establish the
learning outcomes, but the human learning also involvesudéde reasoning where a wide range of
hints, i.e., pieces of related-information, to enhance our untégrding (Evans et al., 1993; Stenning
and Van Lambalgen, 20).20ne challenge between human understanding and a comzeateri
algorithm is the exact de nition of information, which isrsttly required for computer programs
but only requires deductive reasoning for the human. Onevgxa is through the design and use
of the dictionary, which uses a restricted listtogh-frequency words help the language learners
to understand the explanations and usage of more advancedsndiittrock, 1974. However, to
explain theséigh-frequency wordthe dictionaries usually requim@rcular de nitionsof words of
similar or related meanings connected through grammar axaheple usage to hint the language
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learners to understand with reasons instead of direct In this paper, we propose the design of a neural network
memorization. In educational research, such interactivwe u with logical reasoning through the introduction dfints as the
of hints is found to be a useful tool to enhance the studentsauxiliary input, namelythe indicatorsA signi cant di erence of
learning e ectiveness\(unoz-Merino et al., 201)1 our proposed network is a dynamic reasoning process using these
Research about learning from hints has been discussddnts to cross-validate the predicted results, which elineésa
and incorporated in training neural networksApu-Mostafa, those with conicting logics based on the hints used. While
1990. For example, one can consider the full explanatiorreducing the inevitable uncertainties in the data, our progubs
or mathematical representation of the reasoning process ametwork can also be explained using the given hints as thedbgic
a particular case of the hintApu-Mostafa, 1998 Suddarth  basis for human understanding. However, such explanation is
and Kergosien (199(roposed a “rule-injection hint” method, also constrained by our understanding of the hints. Thisnsilsir
which adds additionally supervised neurons to the network tdo the situation in human reasoning where one can formulate
improve its performance regarding training time and modeldi erent arguments to explain the same observation using
generalization. This pioneering work was further developedli erent ways of logical deduction. One potential application of
into a sub eld of machine learning, namely multi-task learg  such auxiliary input to a neural network and the logical redsg
(MTL). Caruana (1998presented evidence and results showings in robotic learning tasks where multiple inputs of di erent
that inductive transfer can improve the generalization of rséu  sources and magnitudes can be fused into a network of legrnin
networks by exploiting the relatedness among multiple tasks. For all problems dealing with inevitable uncertainties ofe
MTL can also be applied to reinforcement learnintpderberg input, there should be a new labely, ic; that raises questions
et al., 201) Recent research also explores the use of hints fromwhen inconsistent results are obtained. Humans reason in a
teacher network to train student networks that are much tién  similar way when we reach a contrary conclusion from a given
with fewer parameters but comparable performandesrfero input of vague clarity or confusing informatiornS¢enning and
etal., 201p Van Lambalgen, 20)2one would naturally question the answer
Combining research in hint related education and learningrather than give an illogical one. Our research suggests an
research, afew general rules for hint design could be sunzedr interactive interpretation and use of the label informaticstzoth
For example, a typical design of the hint should not directlyinput (i.e., hints) and output without compromising the learmgn
explain the intended concept in full, but partially suggestoutcomes. The abstraction of the indicators can potentiakyal
the concept with pieces of indirect but practical information. more critical role in the understanding of the hidden infoation
Moreover, common usage of the hints is through a series dh the input data. The generation process for the indicatons ca
logical deductions exhausting all possible hints in combara be a meaningful one, or randomized, depending on the hint
with the knowledge learned to arrive at the most likely cgrtce designs. When speci ¢ underlying patterns are observablbén t
in question, which is similar to human deductive reasonirgni  labels, the introduction of the indicators as the auxilianput
known clues. The interactive use of hints in human learnind a will contribute information that helps the learning procesgma
reasoning can also be observed from games such as ashcapwssible explanation.
hangman, and spelling bees, where the hints are creativetly use The next section further explores the design variations of
in di erent ways and complexity for speci c tasks using logicalthe indicators as the auxiliary input for the proposed neural
reasoning\(Van and Song, 201)b network structure using the MNIST example and a new data
Deep learning, as an extension of machine learning, has madet collected from robotic grasping. Section 3 compares the
great success in the last few years. Various architectsued, experimental results and discusses the design principles when
as dense neural network€ érpenter et al., 1992convolutional  generating these indicators from the labels. Section 4udises
neural networks I(eCun et al., 1989, 19p8recurrent neural a potential application of the proposed neural network with
networks {Villiams and Zipser, 1999and so on, have been auxiliary inputs in robotic learning for object grasping. Bin
designed to solve specic types of problems in areas afmarks, limitations and future work are enclosed in the last
computer vision Krizhevsky et al., 2012; Verschae and Ruizsection, which ends this paper.
del Solar, 2015 speech recognitionHinton et al., 201) and
natural language processingdllobert and Weston, 2008Deep
learning models with multiple inputs are also employed to iefus 2. THE DESIGN OF A NEURAL NETWORK
more information into the modelsChollet (2015demonstrates \W|TH HINTS
a model, which receives the headline as the main input ancgextr
data such as the post time of the headline as an auxiliary itput, The introduction of hints for logical reasoning is the prinyar
predict the popularity of a news headline. For another examplali erentiation behind our proposed network, which aims at
recent work byl evine et al. (201&)as demonstrated the design direct or indirect suggestions bridging the input data anc th
of a stream of image data supplied to the neural network iroutput labels with a logical decision-making process. Sineseh
parallel to the robot pose information in the Cartesian space tindicators are suggestions abstracted from the originghda
learn hand-eye coordination for robotic grasping. However, i.e., images and labels, a review of the information embedde
remains challenging for these neural networks to be redslgna in these images and labels become essential. In general, the
understood by a human, except for its underlying probabitisti labeled outcome usually corresponds to a comprehensive and
fundamentals{night, 2017. sophisticated question that is hard to answer and therefore
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cannot be easily modeled using the existing knowledge ofitjh Since our auxiliary input is an arti cial one, we are only
the nal reply to the question may be framed as a simples provided with the original input to proceed with our prediction.
or No, one could usually break down the question into furtherFor example, as shown iRigure 2, when a new inputxy is
details for more speci ¢ inquiry. For example, in the problem presented, our proposed neural network on the right will extiaus
of identifying the breed of a cat from a collection of di erent all possible indicators i, . To logically determine a reasonable
cat and dog breeds, one can approach the answer by takimgediction, we start by counting whether the numberygf, ict
two steps: (1what is the animal in generaind (2) what is the predicted equals td. 1, which means that only oneon-
speci ¢ breed of this animabuch operation may have di erent con icting label is predicted after the exhaustion of all possible
logical complexities depending on how one strategize to abtaiindicators. If so, the next logical check is to determinénaé one-
the solution. Itis similar to the scenario when people aretgim  and-only non-con ictingabel complies with the corresponding
nd solutions to the same problem. Some may follow the existingndicator used to predict this non-con icting label. If thisne-
procedures that are straightforward but di cultin practiceshile  and-only non-con icting label passes both logical reasornesis,
others might identify particular patterns from the questicssd then a logical result is obtained by our network. Otherwise,
possible answers to formulate a logical process that narrowsid illogical result will be reached with a statement such as téail
the maxim. Our network is similar to the latter one, trying to predict a logical output.” This process di erentiates our propdse

mimic deductive human intelligence using the hints. network from the existing ones, where an output label willaw
be computed without cross-validating the logic behind.
2.1. The Auxiliary Input and New Labels 3. The Adapted MNIST Data

Before our training starts, we are presented with a set of inp
data with labeled output as thpgior information In our proposed
neural network shown irrigure 1, the original input is still used
as the primary inputXy D fxq,X2,...XnG Also, we generate

he MNIST data is an extensive image collection of handwritte
digits labeled from zero to nine, consisting of a training skt o

60,000 examples and a test set of 10,000 examples, which is
a set of auxiliary input to the network, namely the indicators widely adopted as a benchmarking dataset for learning rekear
' and practice [(eCun et al., 1998Researchers usually adopt the

by categorizing the original labe¥sy D vy1,¥2,...ym . Since : . .
the understanding of these labels is not directly linked toommon neural network which uses the images as the input

the input, we can exploit sucindirect knowledge that is not data Xy 28 28 1 and the ten d_|g|ts as the output labe¥go
. ; : as shown inFigure 3 In practice, the model outcomes are
presented in the prior data to categorize these output labels,” ". . .
. . . € ectively labeled in the one-hot format which corresponds
which can be a meaningful process or even a randomized on

o . _— f the ten dierent digits. These ten digits are treated as
The resultant indirect suggestions become a set of indisato . . : . . .
. . . ten independent categories disregarding their mathematical
Z. D fz1,2p,...,2z.gwhich usually has a smaller dimension than

the original labelsl{ < M) as a conceptual abstraction. For meanings and relationships behind. Thiect leamningmethod

. - R . - is comparable to the way we approach the dictionary for the
logical modeling, any original input; shall be led to its original . . .
g . L meaning of a new word. However, it hardly re ects the logical
outputy; through the involvement of a particular indicatarthat . . . .
. . . ... and interactive way we naturally adopt when using words in a
suggest this correct computation. When computing this orajin . . . . .
; . L language, which requires understanding the logic behind.
input x; with all other indicators, a new labgkgn it becomes

) . o . The example irFigure 4shows the training setup with a set of
necessary to di erentiate these illogical outcomes fromidiggcal . . . .
two indicators, withe; suggesting the label being smaller than ve
one. Therefore, we shall have a set of new labeled output . ] . .
- andz suggesting otherwise. The training of our network involves
Ymci D v1,¥2,...¥M:Yeonict When training our network.

d . .. the combination of the primary input and all possible indicagor
One can further exploit the concept of hints by designing : ) 5 .
. . . - . For example, with an image of digit zero as the input, we geperat
multi-dimensional or direct indicators. One can also desi . Y .
- . the label when this image and indicater are used, which leads
new set of restructured labels from the original input data fo

. . . .. to the correct label of; D 0. In the meanwhile, we also generate
more advanced logical learning. Both of these scenarioswill - L
. - - another label when this image and the other indicatpare used,
explored in the later sections of this paper.

which leads to the con icting output label §fon ict- This process
essentially tells our network to learn both sides of the kiealge,
2.2. New Architecture for Logical Learning including the correct and con icting ones. The introducticof
Our proposed network takes a primary inpigtand an auxiliary  this new labeyqn ict €nables our network to capture the logic of
onez to model a new set of labeled outpytduring training, this new knowledge during training, which will be used for the
as shown inFigure L This neural network is structurally logical reasoning when testing our network.

di erent by adding a process that establishes a certain lbgica Testing our network involves an exhaustive computation
relationship in the original data. The advantage of our natev  between a given primary input and all possible indicators, and
is the full exploitation of the existing understandings ofeth a logical reasoning process trying to make sense out of the
problem through the design of meaningful indicators and thepredicted results. The examplekigure 5demonstrates the case
establishment of logical reasoning. Later we will also showhen an imagex; of digit 1 is used for testing. Our network
that the training process can be further exploited by designincomputelL D 2 label outputs that correspond to all combinations
randomized indicators to suggest unknown relationships anaf x; and z;, and x; and z, as the input pairs. Then, in the
reduce the data and logic uncertainty. logical reasoning ow, we rst check if the total number of
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FIGURE 1 | The design of a neural network with an auxiliary input geneteed from labels to improve learning accuracy.

Yoonict predicted equals t 1, meaning that only one non- ten digits according to (1) the meaning of the indicators), t{2e

con icting label is predicted. Then, we further check if tlien-  total number of indicators, and (3) the number of labels segjgd
con icting label complies with the corresponding indicatosed by each indicator.

for its computation. A logical result can only be obtained whe  We rst design four sets of indicators marked as 11-14
a non-con icting label complies with the indicator used fdsi in Table 1 with mathematical meanings. The ten digits are
computation. If the set of predicted labels fail to pass any oflivided into two categories, including case 11 of smallemth
these two logical checks, we can still arrive at an outputllab® or not (equally divided), case 12 of even number or not
by selecting those with lower computation con dence, jukeli (equally divided), case 13 of prime number or not (unequally
the method used in the common neural networks. Howeverdivided), and case 14 of zero or not (unequally divided).
this will only result in illogical results, which the existj neural We also randomly generate four sets of indicators marked as
network can not detect. An extreme example is when one suppliexl—24 in Table 1 with dierent total counts of L and size

an entirely irrelevant image to a neural network, like a pretu distributions. All sets of indicators ifable 1 provide indirect

of a cat instead of a hand-written digit. The existing neuralsuggestions to all ten digit labels except for cases 14 and 24.
network will process it with a labeled output, possibly with veryCase 14 contains a direct suggestion of an indicator zero to
low con dence, asking for manual checking. It corresponds tdabel zero, and case 24 contains direct suggestions of the te
a statement such as “the most probable recognition of this newmdicators to the ten digit labels respectively. Both desigh
image is a digit...”. However, our network can identify alspibble  the indicators violate the general design guidelines otshis
labels computed to collectively suggest an illogical outphickv  de ned earlier. More speci cally, case 14 represents a partial
corresponds to a statement such as “no logical recognitian caviolation of the hints with a direct suggestion of digit 0 whas

be computed,” suggesting something is wrong with this image acase 24 accounts for a total breach of a specic suggestion
the model currently in use for this task based on the know&edgof all ten digits. However, whether such violation is a bad

learned. design remains an open question, which will be discussed
For demonstration, the original MNIST data has been adaptethter.
in various ways in the following section by introducing dient Since the indicators should only provide indirect suggestjo

designs of the indicators to restructure the neural netwdrk we can also design new prediction models as shownaiole 1
principle, we can design a few sets of the indicators to sudigest by interchanging the labels and the indicators used in our

Frontiers in Robotics and Al | www.frontiersin.org 4 July 2018 | Volume 5 | Article 86


https://www.frontiersin.org/journals/robotics-and-AI
https://www.frontiersin.org
https://www.frontiersin.org/journals/robotics-and-AI#articles

Wan and Song Logical Learning With Auxiliary Inputs

Original Primary X X x
X1 Input Input 1 2 o n

' / \\

Common Neural z z z z

Secondary 1 2 3 /
Network Fl
enwortt iow Input 012 (349 056 Om-1,m/
I I N
Neural o
Network Flow if elseif
Output ZV+ l <
utpu ew .
Y1 Labels Labels Y1 Y2- Ym Yeonflict
| | -
Result Eopieal {{?g;jﬂl Re;f‘ltt N Logic Check for Conflict
o ail to predict <+—— No —— =1
Y in this example Reasoning a logical output” if Co””t(yc]mﬂzct) -1
5 l \ N Yes

normal computation flow 0

___________ > Neural Logical Result \ *

possible computation flow Network the final output is confirmed Logic Check for Compliance

Output as the other output label <= Yes = if the other output label
equivalent datatype Labels (v ory; in this example) belongs to the indicator used

FIGURE 2 | An example of the computation ow in the proposed network withlogical reasoning.

Original Labels
in one-hot format Meaning
Original Input 1000000000 ;=
i M 0100000000 vy =1
Images of Hand j 0010000000 I3
Written Digits Common 0001000000 Vg =3
» Neural > —
*n Network 0000100000 ys5 =4
0000010000 V6 =
- ) 0000001000 y7 =6
0000000100 yg =7/
0000000010 yg =
0000000001 Yo=Y

FIGURE 3 | The MNIST data and a common neural network widely used in maché learning.

network. One particular design of the indicators is a multi-number. This corresponds to case 31Table 1 where a set of
dimensional indirect suggestion. For example, each digit catwo-dimensional indicators carries the meanings of botbesal 1
be simultaneously identi ed as smaller than ve and an everand 12. Another special design is through the exchange of the
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FIGURE 4 | An example of our proposed neural network with auxiliary ingis for training using an adapted MNIST data with two indicats, suggesting original labels
smaller than ve or not, as the auxiliary input.

indicators and labels to formulate a revered predictionfamsg  after 10,000 training steps with training batch equals to
in case 32 iMable 1 A further special design is to hide the exact100. One can further improve the accuracy by referring to
information of the ten digit by using indirect suggestiomsioth ~ Gérner (2016)using more advanced techniques such as more
indicators and labels, such as the case 3Balnle 1 Note thatin layers, batch normalization, dropout and RelLu layers, which
this case, since we are losing the exact information of theigpe are not used in our experiments. We further tested our
digit on the image, we can only do the rstlayer of the logieck  network using a dataset collected from the DeepClaw robotic
for con icts but cannot proceed to the second layer of the ¢ogi grasping platform, which will be explained at the end of this

check for compliance. section.

All experiment results are reported imable 1 The Logical
3. EXPERIMENTAL RESULTS AND Resultscolumn refers to the percentage of the 10,000 MNIST
DISCUSSIONS testing examples that pass the two layers of logical checks. Th

self-checking mechanism leads to two prediction accuracies

We benchmark our models with the MNIST data using alntérest. The,ogical Accuracndicate the prediction accuracy of

Convolutional Neural Network that contains three convotutal ~ the logical results. Th@verall Accuracjndicate the prediction
layers (5 5 1 4 with stride 1. 4 4 4 g accuracy of all results, including th#ogical ones with failed

with stride 2, and 4 4 8 12 with stride 2) and Classication. Note thatin our experiments, it is unlikelyrfthe
two fully connected layers (588 200 and 200 10). The ©verallaccuracy to be higherthan 98.91% in the originaioek
test accuracy of the benchmark model maximizes at 98.91¥¢hen no logical reasoning is considered.
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FIGURE 5 | An example of our proposed neural network with auxiliary ingis for a logical output using the MNIST data.

3.1. Any Indicator Is a Good Indicator for 3.2. Logical Complexity Positively Relates

Logical Reasoning to the Con dence of a Logical Answer

As shown in Tablel, all logical results are above 99%As shown inTable 1, three levels of concept in cases 1x, 2,
prediction accuracy, higher than the original neural netk®r and 3x are used to represent dierent logical complexities
benchmarking prediction accuracy at 98.91%. We observeghen designing the indicators. Those generated from random
statistical signi cance in the dierent prediction accurasi partially re ects a certain degree of unknown logic with
between the logical and overall results witlp-aalue of 0.0037 the highest complexity, whereas the meaningful ones are
among cases 11-33. lrrespective of the indicator designgiore straightforward for human understanding. The count of
our results suggest enhanced trustworthiness by elinmgati indicators is also an important aspect to re ect the complexity
the illogical predictions, which is not available in the an@l  of the logical reasoning in our networks. For example, every
neural network. Common neural networks only adopt the directadded indicator would boost the required training by one fold
information presented in the data but ignores the logic behin a5 we traverse all the indicators. Furthermore, the distiiiuof
which is usually a reasoning process of human thinking insteagch indicator and the labels it suggests also present a istltist
of memorizing past events using brutal force computation.S€he i yence that correlates to the distribution of the input dati

Ior?lcs Eelp to de?l k‘]""th th? un;erta;_;ﬁs 'g the future et\ssn general, we can divide these eight experiments into four groups
The robustness of the results shownTiable 1demonstrates the 5.0, ing to their logic complexities. We observe a growiagd

€ ectivenegs of thg prqposed logical I.eafning through alllneuraéf logical accuracy as the logic complexity increases, agrstmo
network with auxiliary inputs. These indicators are exihie Figure 6

design to provide indirect (cases 11-13 and 21-23) or direct

(cases 14 and 24) suggestions for the labeled outputs. Mareove Case 14 re ects the group with the least logical complexity,
the designs and understandings of these indicators are tioe pr ~ Which shares the most similarity to the original MNIST data
knowledge that the human operators had previously acquired with the lowest logical accuracy of 99.00%, but still highanth
from the given dataset for arti cial learning. the original network. This is e ectively a direct indicatidar
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TABLE 1 | Experiment designs and prediction results of the auxiliayputs as the indicators for the MNIST data.

No Indicator meanings Indicator characteristics Output lab els Logical results (%) Logical accuracy (%) Overall accura cy (%)
11 Smaller than 5 2 indicators Ten digits 99.48 99.24 98.72
or not equally distributed (5, 5)
12 Even number 2 indicators 99.49 99.21 98.70
or not equally distributed (5, 5)
13 Prime number 2 indicators 99.57 99.13 98.70
or not unequally distributed (4, 6)
14 Zero or not 2 indicators 99.90 99.00 98.90

unequally distributed (1, 9)

21 None 2 indicators 99.36 99.17 98.54
equally distributed (5, 5)

22 None 2 indicators 99.40 99.32 98.72
unequally distributed (3, 7)

23 None 5 indicators 98.79 99.39 98.19
equally distributed (2 5)

24 None 10 indicators 98.53 99.41 97.95

equally distributed (1 10)

31 Case 11 + case 12 4 indicators Ten digits 98.97 99.33 98.31
combining Cases 11 and 12

32 Ten digits 10 indicators Case 11 97.33 99.36 96.71
equally distributed (1 10)

33 Case 12 2 indicators Case 11 99.58 99.33 98.91

equally distributed (5-5)

images of zero and a reduced MNIST prediction without theof a question, i.e., a new input data. The prediction accurdcy o
zeros. Such simplicity on logic leads to the highest percentaghe overall result also provides us with a way to compare our
of passing the logical checks at 99.90%. network with the original one. We also plotted the trend of calér
The second group contains cases 11, 12, and 21 wigtrediction accuracies of the four experiment mentioned akiave
slightly more complex logical relationships, which are aithe Figure 6. A decreasing trend can be observed as the accuracy of
meaningful or randomized indicators, and all have a set af tw the logical results increases. The percentage of logicalgtess
indicators suggesting an equal number of labels. An averagdows a strong in uence on the overall prediction accuracy in
logical accuracy of 99.21% is reached with the percentage feigure 6. This is possibly caused by the rapid decrease in the
passing the logical checks reduced slightly to 99.44%. logical pass, which is about three times faster than the asze
The third group consisting of cases 13, 22, and 23 preseniis logical accuracy. The following equation can be used toat e
more complexity in all three aspects of indicative meaningsuch relationship.

indicator count, and size distribution. For example, botlsea

13 and 23 have unequal size distributions comparing to Group OverallAccuracyp LogicalAccuracy LogicalPass (1)

2. Moreover, the total count of indicators increases to verev

though the size distribution stays equal. This group aaksev 3.4. Meaningful Indicators Are Not That

an increased average logical accuracy of 99.28% with 6?/99.2@;00(:]’ and Direct Suggestions Are Not That

passing rate of the logical checks. ad

The fourth group only contains case 24, which is the mos L . - .
group only cont - . nother observation is about the design of the indicators in
complex logic with ten indicators of direct suggestions for

training. It produces the highest logical accuracy of 99.41%he|r meanings and suggestive strength. Among the casedix w

. - S - eaningful indicator designs, the di erences in the predicti
The si f h restrict logic is that th ingr o - - Lt
€ side e ect of such restrict logic is that the passing rate Oaccurames between logical and overall results exhibigtidtcal

the logical checks only 98.53%, the lowest in ourexperlment%.igni cance with apvalue of 0.0290. Among cases 2x with
. directly suggestive indicators, we observed a similaissicl

3.3. Logical Result Is at the Cost of Overall signi cance with an even smallgrvalue of 0.0198. Comparing

Accuracy cases 11, 12, and 21, we see that the meanings of the

The logical result o ers us with a prediction with enhancedindicators only present a slight increase in the prediction

trustworthiness when dealing with the unknown uncerta@gsti accuracy of the logical results from 99.17% to 99.21-99.24%.
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FIGURE 6 | The average results of the four case groups of the normal incitors used.

One probable explanation is that the computers do not perceivevith multiple indicators instead of one as showrkigure 1 This
such mathematical relationships much dierently from the design is equivalent to four one-dimensional indicators.
randomized ones. This is di erent from the human learning, Case 32 is a reversed prediction by exchanging the labels
which requires the meaningful perception of the concept&nd indicators in case 11. The primary interest of this case
to better understand. This partially re ects the underlyingis the application of our network when the number of the
dierence between the humans and the machines, wherendicators are larger than the number of labels. In this case
such slight increase in the understanding makes a signtcarwe use ten meaningful indicators to suggest two possible
di erence in the autonomy of minds. labels given an input data. The passing rate of the logical
While designing these indicators, we intentionally trieal t check is found to be the smallest among all experiments,
mimic the human use of hints indirectly as introduced at thesuggesting the highest logical complexity and resulting in
beginning of this paper. Among the eight normal experimentsthe lowest overall prediction accuracy. However, we did not
only cases 14 and 24 involves direct 1-to-1 suggestionseleetw su er any signi cant decrease in logical accuracy, which
the indicators and the labels. These two cases outperforimed tremains at a relatively high level of 99.36%. This case regjuir
rest ones in logical accuracy. All eight experiments presant ghe same amount of computation as case 24 to traverse
average logical accuracy at 99.23% (0.0014 standardidesjat all indicators. By applying the conclusion dimeaningful
and an average overall accuracy of 98.55% (0.0032 standamdicators are not that good, and direct suggestions are not
deviations). From our results, it seems challenging to deaw that bad” obtained in the last section, it seems reasonable
clear distinction between the e ects between direct andriacli  to introduce a random set of indicators whose size is bigger
suggestions. than that of the output labels to reach a reasonably high
logical accuracy. This is especially useful when the cost of data
. . acquisition is high, such as autonomous robotic grasping,tas
3.5. Special Design and Use of the which will be further explored with more details in the next
Indicators section.
We also list a few special casesTable 1to demonstrate the The last case 33 completely buries the explicit information
versatile design and use of the indicators in our networkhwi of the ten numerical digits in the data. The overall accuracy
interesting results reported ifable 1 is the highest among all normal and special neural networks
Case 31 is a two-dimensional design of the indicators whickvith auxiliary inputs at 98.91%. It is interesting to notice
combines case 11 and case 12. The result shows an increhse inthat this result coincides with the original neural netwsrk
prediction accuracy of the logical result of 99.33%, but aemse prediction accuracy. The result for case 33 suggests that
in the passing rate of the logical check to 98.97%. In principie, i the use of hints may be the most suitable one for indirect
possible to design such multi-dimensional indicators. Heere suggestions to e ectively address unknown uncertainties and
the major di erence is more operational instead of numerical. nd new knowledge that was not previously expressed in the
Multi-dimensional indicators require each input to be suppliedoriginal data. One drawback of case 33 is that the second
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logic check cannot be performed as we cannot decide B8.5 or 99.4% using logical reasoning. Our results demaestra
a number smaller than ve is an even number or not.consistent observations from previous experiments using the
Further research is required to dive further into this kind o MNIST data. The introduction of the indicators furtherimpred

problem. the prediction accuracy in both Cases 41 and 42. With more

indicators, or more complex indicators, case 42 is observed
3.6. Experiment Using Image Data to outperform case 41 in logical accuracy. This is at the cost
Collected From DeepCIaw of a lower percentage of logical results and overall accuracy

We further experimented our network using a dataset of 10,008/Nich is caused by the increase in illogical predictions ciete
images collected by BeepClawplatform as shown irFigure 7. by t_he increased nqmber of |nd|cz_;1tors. The _Iogmal_regsgnm
Ten daily life objects were used to perform autonomous gregspinbeh'nd our.results is embedded in the deggn of indicators,
tasks to pick up an object and put it back with a random pose tgvhich provides a structure of understanding to the results
the table. One end of a transparent sh line is tied to the objecProduced by the neural networks. Although we still cannot
through a hole in the center of the table while the other end iditérately understand the meaning of the results using these
tied to a weight. Each time the object is released, the weigger randomly generated indicators, our networ.k provides a pdssib
the table will pull the object back to the table center ata @nd Structure of taxonomy through these hints to approach a
pose. Only the images taken by the camera in the center Wepé)ssmle interpretation, which is not available in the previous
used, and each object is picked up 1,000 times. Further dehil 'ltérature.
this robotic setup are available on a Github repositofjan and
Song, 2017%a

To test our network, we adopted the same network structurét- FINAL REMARKS AND FUTURE WORK

as cases 21 and 23 to design the indicators for the ten objects

which are randomly generated. 9,000 of the images were us8YthiS Paper, we proposed the concept of logical learning through
for training and the rest 1,000 were used for testing. EacA Neural network with auxiliary inputs, namely indicators,
image is labeled in the original data and similar to the MNISTgenerated from the 0”9'“3' labels, or even the original |hpu
data, the network's goal was to classify them correctly int(gata' The. logical learning can always generate re§ults aith
ten categories. As shown ifable 2 a typical neural network higher logical accuracy that is supported by a reasoning psoces
can already classify these ten objects with 98.0% accurac\,N? further demonstrated the robustness of our proposed logical
which is comparable to the MNIST data. However, in twol€arning in a series of simple and special indicators using the
experiments using our network with 2 or 5 random indicators MNIST data and a set of image data from robotic grasping.

for these ten objects, we can further improve the accuracy tb €W 9uidelines are summarized below to help assist the
design and use of our network. The proposed method provides

us with a way to re ect the logical reasoning process while
trying to comprehend more advanced concepts. It enables
one to model theunknown unknownswithout the loss of
trust when a new and uncertain input is supplied. This
process can be a meaningful one through the design of the
indicators when established a prior understanding of theadat
is available, or a randomized one when the focus is only on a
possible logic for a reasonable answer instead ofntleaning
behind.

Any indicator is a good indicator for logical reasoning;
Logical complexity positively relates to the con dence of an
answer;

Logical result is at the cost of overall accuracy;

Meaningful indicators are not that good, and direct
suggestions are not that bad;

The design of the indicators is not limited by our
understanding of the data.

The advancement of computing capabilities enables one to use
brutal force to compute using neural networks for the most

FIGURE 7 | The DeepClaw grasping setup mimicking the arcade claw probable answer without caring much into the logic behind.

machine game using a UR5 robot arm, a Robotiq gripper, a Kingdor Xbox The average percentage of passing logical checks in the MNIST
One camera at the center, and a PC with NVidia Titan X 12G GPU faick up experiments is at a relatively high level of 99.32%, leaving onl
objects from the table. Ten daily life objects were used wit sample pictures a small fraction of data marked as iIIogical. However, tlsis i

shown in the middle. One thousand grasping attempts were pdormed on
each object in the collected dataset.

mainly due to the high quality and simplicity of the MNIST data,
which is slightly di erent yet consistent with our object image
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TABLE 2 | Comparison between neural networks without (Case 40), wit@ random (Case 41), and with 5 random (Case 42) auxiliary infaiusing grasping images
collected from the DeepClaw platform, where the introductin of indicators differentiate illogical predictions witimproved logical accuracies using logical reasoning.

No Auxiliary indicators Logical results (%) Logical accura cy (%) Overall accuracy (%)
40 Common network with no indicators Not applicable Not apptable 98.0
41 Random 2 indicators for 10 objects 96.8 98.5 95.3
42 Random 5 indicators for 10 objects 95.4 99.4 94.8

data from robotic grasping. It is particularly challengingevh two 7-DOF arms and 2- nger parallel gripper is used by both
the cost of getting training data is expensive, especiallynwheby Pinto and Gupta (2016and Lenz et al. (2015)Research

data collection requires physical interactions with theeemtéll groups at the University of California, Berkley have used vexrio
environment, such as in robotics. When only a limited amoaht robotic systems, including a eet of 7-14 custom-built 7-DOF

data is available, it becomes necessary to utilize all aspEttite
data, including the logical reasoning, physical meaningyelbas
environmental parameters, etc., for a potential solutiorhwiite

arms by Google with adaptive 2- nger grippersevine et al.,
2019, or Yumi 7-DOF arm with 2- nger parallel grippen\{ahler
etal., 201y. Similar neural networks were adopted in these works

most trustworthiness. (Lenz et al., 2015; Pinto and Gupta, 2016; Mabhler et al., 2017,
There are several limitations of this study which requires_evine et al., 20)8where the primary input will be the images
further research into such auxiliary input. Although widely taken from the tray, and the output labels will be the grasping

adopted as a benchmark in neural network research, the MNIS3uccess or failure. Speci cally, in work bgvine et al. (2018an
dataset is relatively small in size and simple in structut@isT auxiliary input is also used besides the primary input. Howgver
limited the design of indicators used in this paper, which arehey are from independent sources, both of which connect to
conned to cases such as a prime number or not, even othe output labels. Thus there is no logical reasoning behind
odd number, etc. Furthermore, it still requires further eesch these models. Future work will focus on structurally simplify
into a more thorough design of the indicators to fully explorethe object grasping tasks using a setup as showFigure 7
the theoretical foundations and implications of these a@aryl by mimicking the arcade claw machin&/an and Song, 201ya
inputs. Last but not the least, issues such as the computati@ t to implement the proposed network design for object grasping
and e ciency were not discussed in this paper, which needs to béasks.
further optimized on a general basis.

While the scope of this paper is to introduce the concept oiAUTHOR CONTRIBUTIONS
logical learning using our network as the indicators, fiewvork
requires systematic research into the comprehensive anddlog FW substantially contributed to the conception of the work,
design of the indicators and our network. Another possibleifet  drafted the work for important intellectual content, approved
work is the implementation of the proposed neural networkthis version to be published and accountable for all aspects of
design in robotic learning, such as object grasping. Robotithe work in ensuring that questions related to the accuracy
learning tasks present a realistic scenario where inputectel or integrity of any part of the work are appropriately
from various sensors in the robotic hardware are gathered tinvestigated and resolved. CS substantially contributed t
perform an integrated task with physical interactions to thethe design of the work, critically revised the work for
real world. This is dierent from most visual, audio, or text- important intellectual content, approved this version to be
based learning tasks where only the information is processegeliblished and accountable for all aspects of the work in
instead of physically interacting with the world. This diere& ensuring that questions related to the accuracy or intggrit
imposes a major source of uncertainties to robotic learningpf any part of the work are appropriately investigated and
making it a potential application of logical reasoning withresolved.
auxiliary inputs to improve the creditability of the learning
outcomes. ACKNOWLEDGMENTS
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