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m" LFIT: SRARER A DL E .
WHOUse Learning from Interpretation Transition £

Agent

Internal

(Professor)

Histt_)ry/

Experience
Attractor

Time-Series
Data

Vector t=0, t=1, - t=k—1,t=k t=k+1, t=k+2,---
Input: pairs of interpretations of the form (I, I,,,) € 28 x 2HB

Output: logic program P such that I, ; = Tp (I;) for any (I¢, It41)

Dynamic Environments

y - xenmamamzEAs me-ox>smxam  Inoue, K., Ribeiro, T., Sakama, C.: Learning from interpretation transition. Mach. Learn. 94(1):51-79 (2014)

National Institute of Informatics

Katsumi Inoue

2Xx 851

Google Scholar

Applications:

* biology (identification of
gene regulatory networks)

* DREAM challenges

* physics (cellular automata)

* robots’ actions in
uncertain environments

* learning agents’ logics

* strategies in games

* etc.

Extensions:

* delays: Markov(k) system

* multi-valued variables

* asynchronous update

* hondeterministic /
probabilistic transitions

* continuous domains

* neural semantics

* noise tolerence

' EIRZIEEREEHFAR  Gao. K., Wang, H., Cao, Y., Inoue, K.: Learning from interpretation transition using differentiable logic programming semantics. Mach. Learn. 111(1):123-145 (2022)
Ribeiro, T., Folschette, M., Magnin, M., Inoue, K.: Learning any memory-less discrete semantics for dynamical systems represented by logic programs. Mach. Learn. (2022).
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', | Taisuke Sato 2Xx83 1%

(Professor by Special Appointment)

lepﬁg,, Bridging NN learning and
NHOYSE logical inference

2022 Google Scholar map
1 0 0 |a Proposition:
L. =10 1 1 a, @ is an interpolant between
1 1 0)a, feed-forward NN dnf(l..,?) and ~dnf(l,.N), i.e.
— Fdnf(l,,”) = ¢, @ — ~dnf(l,N)

dnf(linp) = (al/\ ~a2 FAN a3) \Y (Nal N 82 FAN a3)
dnf(li,") = (~a;A a, A ~a3)

f : _
é > 1 O ¢(Iin) - Iout
1 100 . .
0 0 I [011} ¢ = matrix pair (C,D)
1 / 21 Lo = DNF learned from (I, I )
0
1
0
domain(f) lour = (D(1-min,(C[1-1;;;1;,]))) =1

P - x#aﬂmuum m-‘/zﬂmg:u
ElZ {5k FEFR
D
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NI Explainable Model Fusion for Kotaro Okazaki © XA B L 1%

i ' (Doctoral Student)
HouseCustomer Journey Mapping b

Observed examples
filtered by E}

Pr(sy|s,-1,4) =T, () =]

Filtering explanation 2 L:l D " :
E* ’ BT ' 0240 To(m)
feature toward | feature toward |feature toward = )

Ef . 0

ol ek -
VAE to extract - fi = (

J D Observedexamples
filtered by E3

Ty (n)

feature toward |feature toward | feature toward

anepisode | 5" episode | 6" epig I (na ics
feature toward | feature toward | feature toward l 1

7' episode 8" episode | 9" episode
customerllurney

I Generative models + = Mapping

Inductive Logic

Ef

Ts(n)

Ti(n)

Rl || | m— |

Programming

00571062 026268284 QLTS 0.6 000K QORKTY OSITTS

sy s, w0 0l @IFUSION

;;;;;;

,,,,,,,

\ LFIT for rul
extraction

‘‘‘‘‘‘‘‘‘

e ], Algorithm e cossMining

too- ) b= 0
] k Pr
il Framewor \ pata Fusion platform

.. =1 XAl framework
to post-hoc
explainability

Comprehensive prediction
Predictor(te) | (tii1nltin) fog
6 (X, ty) 4

Bz TR

| ~Kotaro C)kc zaki, and Katsumi Inoue.
"Explainable Model Fusion for Customer Journey Mapping."
Frontiers in Artificial Intelligence: 72.

National Institute of Informatics
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OPEN ¥ Akihiro Takemura o
gijggtmfferentlable Logical Inference 2§ (Doctoralstudent
WYY Go gle Scholar

1. Translate program P 2. Define Loss function 3. Minimize the loss

into a Program Matrix w.r.t. continuous with gradient descent

D interpretation

p p :- not q. L0

q :- not p. =
Program L(x) %08
DP p g g Ig ;7 Loss function w.r.t. x 06
q (O 0 1 O)

o
»

Program Matrix aL(x)
x P (0) 0x

q 0 Gradient of L(x) w.r.t. x
Interpretation vector

0 o e

National Institute of Informatics

o
N
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o
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Akihiro Takemura
(Doctoral student)

J/ Google Scholar

oren Explaining Tree Ensemble models %
O'Stwith Answer Set Programming X
AWl

D class(1) « x; <1 Ax3<1Ax; <1..

class(0) « x, <5 Ax; <3Ax, <10..
class(2) « xg <3 Ax, <2Ax; <1..

Convert to Rules 1M Rule Se_t Generation | Important
in ASP Rules

/ For a tree ensemble with K class(1) «

trees, each with depth D, Declarative encoding of ¥x1=1Ax3<1
th be (at maxi user-defined constraints class(0) «

N ls) 5 there can be (at maximum) Xg>1Axs<1

(ML model) ~K2P* ryles and preferences

Selectin
g Number of rules can be controlled

/6)\ /q & Performance metrics can be taken
into consideration in encoding
’ J.iEBEFﬁ
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On Linear Algebraic Computation 'fFg

y L ELBE B

Tuan Nguyen Quoc

OPEN , _
° . . ‘ (Doctoral Student) https://profile.ngtuan0192.me/
HOVSE for Logic Programming - Deductionf .
. dblp
Problem Soition SN E = i 2 H D S IS0,
oble Olutio! W’ .-‘3-7" ,Q i,a=!léa iii ué'. _‘aatgf:@s A
A
5 %ﬁ !::r)yh- /. rw .J!Ea !El'
Modeling Matrix representation of Logic programs QRS SCae
. Grounding Solving -
Logic Program Grounder Solver Output 3. Analyzing the use of
matrix in different aspects
P={p<qAs,qg<pAts t,t us v} 2. Perform logic reasoning Sparsity
» o s t -t u v Invectorspaces: - Differentiability
A A o Deduction P-0Q - Using complex numbers
. s|o o o o 1 00 P LesMiser
1. Encode logic programs : O O Q 25| ™= Tooperator
-t
into matrices |0 0 0o 0 0 01 p 5 W e Highschool
e v 0O 0 0 0 0 00 4 Q = EE Sparse matrix :
Scalability Abduti Q b ootins
- Robustness Program matrix ution R £,
_ . Wi i USA
77 Integrablllty eg., ANN p Z | u cate indsurfers
. %ﬁmﬂj;ggﬁm-&n;&u.& Q 510 10|40 24.0 30.0 36.0 , 40.0 120.0 160.0
g :Z P . _— Number of rules (x10%)
- Induction P-Q
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OPEN

2022
1. Propositional Horn Clause Abduction
Problem (PHCAP) with acyclic program

Example 1I: £ ={p, q, r, s, h1, hy, h3}, H= {h, hy, h3}, O = {p},
P={p+qgAr, g hVs, r< sV h, s+ h3}.

2. Matrix representation of Logic 5 & w B

programs and its transpose P 1/2 1/2
- flexibility and robustness of ; i '
numerical computation M= s i
- compactness and efficiency of zi

operations
- Integrability e.g., ANN

3. Base on the two 1-step ~ Step abduction for Pay:

abduction to propose

On Linear Algebraic Computation 'g
10VSE for Logic Programming - Abductionf®

M) = Mp(Pang)”

hy  hs P q
p
q | 1/2
1 r| 172
1|, MpT = s 1
hy 1
1 hy
1 hs

.M (1)

exact method for
enumerating all minimal

explanations 1-step abduction for Pp,:

M(t+1) s U U

wveM®) ¥seMHS(S, 5, )

x#ﬁ:.:JHIIEA E‘JZ?—AM!_IH
ElZIERF TR

where: S, p, ) = {body(r1), body(r2),...
that v head(Po,) = {head(n), head(r2), ...,

p

<(v\head(Po,)) Us) 2)

, body(ry)} such
head(rg)}.

Tuan Nguyen Quoc @ t x‘ki t§

: '(Doctoral Student) https://profile.ngtuan0192.me/

dblp par s momm
computer science bibliography MO =0 = (1 0000 0 0)
s b kB
MO = pMpT . MO = (o 1/2 120 0 0 0)

MY = {{q.r}}
Sud poy = (P, 1. (5. ha}}

MHS(S 00 p, ) = ({5}, (A1, ha}} (= M®)

P qr s h h h
M — (0001 ] o)
0000 1/2 12 0
hl hz h3 pPqr s hm h o h
MG = MpT - M@ = (u 000 0 0 1)
0000 12 12 0
E = {{hs},{h, h2}}
; 4. Experimental results
1 8
1 &
7 ) ee@.eé)’e r
Ol
00-@'0 P
6 el et
- =T
E I o i #
Es 5@ P ;& 't
o e %
‘E 4 {*’53"’( ﬁwoe'fz”ggg?‘ggga@ -?
< S & = & A
g 4w % e S 585%
S 3{/# o T a8 s
S | 2 %g rea
S i etEE
24 M E
ped
147 -&- Dense matrix ~ -{- ATMS .- HS-DAG -+- CF
‘," -©- Sparse matrix -&- ASP -3~ HS-DAG_QX
0
200 400 600 800 1000 1200 1400 1600

Number of samples solved x10

53,235/ 77.235 1,106 / 73,106
{seconds) fseconds)

16,735/ 40,735
{seconds)

502 /502
2791279 ey

logio(runtime (ms))

Dense matrix Sparse matrix  ATMS Asp H5-DAG

Algorithms

HS-DAG_QX =
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NIl Learning and Inference of COVID-19 Causal 2XL5854%
ngﬂg Networks in Continuous Algebraic Space ODAKA, Mitsuhiro
2022 (5-Year Doctoral Student)
Omics data https://mitsuhiro-odaka.qgithub.io
v R1 R2 Rs3
) A— B
. . . Background knowledge B : Knowledge bases
Observation O : Data—drlver}; gene F?etwo:;k (Pathway Commons \| BioGRID | STRING V! B |0 1 0
l 1 g ’ KEGG V Signor 2.0) c 0 0 0
Chemical reaction A (-025 0.35 0
~ hetwork Learning edge weights (initial values: 2nd partial corr. coeff.)
(Stoichiometric matrix) Bl 0 035 065 Differentiable cost function = C1 + C2 + C3

C (-0.25 0 0.65

A [-0.85 -0.95 0 A -1 -1 0
Numerical analysis ODEs +—
B 0 0.75 0.05 B 0 1 0
C1 = score for solution behavior
C [-0.95* 0 0.05 C -1* 0 0
Thrésholding
Abducibles H : A B
Chemical reaction network inferred from

re:&wstructed edge

' BTSRRI rR Cs = penalty term property of dynamical behavior of C

: omics data and satisfying qualitative
’ AEREARMREA W2 2TLHAR

models from knowledge bases
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ni - Network Constructor for Xu Fanging © £XA 5% 132

OPE (3-Year Doctoral Student)

W92 rule-learning from transitions

1. Population protocol model* to create target shape 2. Neuro-graph models creating transitions of target shape

A more complex example

. ) ©) A n n
S, o] © © FR
i*,». ® —\4 qqli 2) (5 (Zj Olt;%rve . 3 @ Sg:le [5 |NodelD g Env rger G’ ® Step reward
e @ o "Epp & i . o EdgeType update Final reward
@ 2 402 03 3 (©O—©) @ s ’l @ Stop (O—
P » Ble 32 - 2 . .
e —_— . (d) Dynamics
i ) 4 B ® (a)State— G, Scaffold—C  (b) GCPN — 75(a,|G, UC) (C)Action —a,~7g  p(Gesy|Gerar) (e)State — Gy, (f) Reward — 1,
qmi.w@ |5211. p_‘
< @ 2e p"p
. W L S r@ua 5 ‘
952 g B ~
E — E //;') —_ e —
& i
= -
(@

Bridge node initial state @ —> @ Bridge node end state

’ [
2] ® ! q13 Q
& — &
.qopzs‘m / %23 N ‘Yﬂii -> E, -
< ILoss L/\
S —

neighbor interaction —_—

t update function  change pixel value (continuous) b
nodes interaction t t
protocol/rule change node-state (discrete)
——
target shape
Our Model e O (b,6,0) = (b,7,1) @@ EEReD

A

3. Extract constructing rules from transitions
[ [protocol-like rules, other logic rules with state information]

time-spatial state transitions

_ further interpretation
ASHEHBAREL W02/ 7 LTRAN o: X O X 0’1 - X O X 0’1 . _
ﬁﬁ Ox@x{01} = @x0x{0,1] and application
-]
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Solution
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Problem
1 712|4|6 9(3
EHEEE @)@
3/6|9 712]1|5
5|71 812|3
812|413 1|9|7]|6
11516 3/18(9
813]1]9 42|17 o °
7 218]|3 1|5
Representation
/S = (:L’l\/—'xz V £L'3) N (—'.’L’l Vv ZBQV—'ZL’3)\
1 0 1 0 1 O
Q = (0 1 010 1)
C1 Co
1 T2 T3

Bl 137 B 2P

National Institute of Informatics

&

Solving

Neural differentiable SAT solver E

Koji Watanabe p b €' B

(5-Year Doctoral Student)

Boolean Satisfiability Problem (SAT) is one of the major
problem in logical reasoning and computer science.

Existing SAT solvers can solve large-scale problems in a short
time, but they require expertise and experience to design
algorithms and heuristics suitable for the problem. Therefore,
we aim to build a Neural Differentiable SAT Solver which
can learn how to solve these problems by integrating Deep
Learning and differentiable inference/search techniques. SAT
solving by deep learning is a topic that is beginning to attract
worldwide attention, but there is no established method,
making it a promising and challenging research topic.

/ DeepLearning

(mrr)

c(lrmt)

Vs (inii V3 (init)

Vi (init)

X

~

SAT Solver

Systematic Search
Stochastic Local Search
Mathematical Optimization

/



https://www.nii.ac.jp/
https://orcid.org/0000-0003-4603-5252
https://event.nii.ac.jp/event/4957

@PN Towards Learning Ryota Yakushiji ® 2XAB L L%

USE i - 1 (Master Student)
Hou: Live-cell Dynamics

& 9| Live—cells under radiation

9 (Microscopic Observation Video) Construct models that can predict changes in the
@

number of live—cells over time toward learning

I : live—cell dynamics.
Feature extraction

v

Radiation level Recurrent Neural Network

Number of live=cslls _ Learning Gradient Boosting Decision Tree
Timing of cell division and fusion

Machine Learning |
Prediction

v

Potential applications for radiation therapy Changes in the
number of live-cells

) x#ﬁ_ﬂEJmIIEA ill-"/iw'-’.nm!_lﬂ
’ B e Output

Time series data
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