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The explained artificial intelligence (Explainable AI) is a mathematical model that can
explain the mechanisms underlying artificial intelligence algorithms (machine learning models).
Many solutions that use Al algorithms are like a “black box”. Therefore, often not only end users,
but the developers themselves cannot determine exactly how exactly the machine learning model
came to one or another conclusions during the processing of the source data. Understanding the
work of artificial intelligence algorithms will allow developers to accurately evaluate the influence
of the input features on the output result of the model, to identify bias and disadvantages associated
with the work of the model, as well as to carry out subtle tuning and optimizing this kind of method.
For users, the explanation of the result of the work of artificial intelligence methods is important
regarding the understanding of the causes of the conclusions made by the model, and for experts, to
explain those conclusions that at first glance have no grounds, for example, when looking for
hidden laws in the data.

The report makes an overview of algorithmically sound approaches to the development of
artificial intelligence methods, and methods of interpreting the results of their application are
described to solve specific applications.
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[To3Haromnyie areHTHl, BKJIIOYAS JIIOACH, pemaloT mpoOaeMbl, cTposi Moaenu. Mojaens — 3T0
OOBSICHEHHE SBIICHUS, TO €CTh MPEINOJIOKEHNE MEXaHHW3Ma TOT0, KaKk OHO MOXKET MPOUCXOIWTh.
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[Ipu mocTpoeHnH MojEIN MPUHUMAIOT TOUKY 3pEHHSI HEKOTOPOIl TeOpUHU Ha sBJIEHUE, OTOpachiBas
HEeCyIIeCTBeHHbIe neTanu. Kaxkmas Moienbs MMeeT OrpaHHYCeHHYI0 O0JIacTh MPUMEHHMOCTH. B
paMKax OJHOW TEOPHUU MOYKHO CTPOUTH MOJEIM MHOXKECTBa siBIeHuil. HazoBem Takoi TWI 3HAHUS
«3HaHHUEM Hay4yHOro tuma» [1].

Onpenenum coaepkaHue 3HaHUK Mojenn M, oOBsCHSIONMEH sBieHHEe @ W OTHOCSIIECHCS K
teopur J. @ MpOSBISETCSI KaK U3MEPEHHsT KOHEUHO# TouHOCTH P = {p4,p,, ... }. Byaem cuurars
TOuKy 3peHus T omepaTopoM npoewupoBanus T:pj, — p. u nonoxum, uro p. € R' u p, € R™,
[ < n. Ecau snpo T HerpuBuanbHo W/uinu | < n, B pe3yibTaTe yacTb HH(pOpMAIMK OyJeT yTepsiHa.
Mogens M npenckasbiBaeT HEKOTOPHIE M3MEPEHHsl DL, MCIOJb3ys OCTaIbHBIE KaK BXOJHBIE
nanaele. Jlns HaOopa WHAEGKCOB BXOAHBIX wu3Mepenuid I € N moxmens M BbimaeTr Habop
pUOIKEHU N pf,w D = pé . llepenopMupyeM U3MEPEHHS U IIPOTHO3BI M MCTIONB3yEM Ge3pa3MepPHBIE
P = Dk/Da» TIE P4 — CPENHEE H3MEPEHHE, U 0003HAYUM BBOAUMYIO T MeTpuky d (P, Ps).

Onpenenenue 1. Conep:xkanune 3Hanuii C B mogeaun M sBnenus ©, Habmogaemoro uepes
n3mepenus P ¢ Touku 3penus teopuu I, onpenensercs Kak

. ~M() <t -1
C—mgln]E[d(po ,p0+s) ] D
rae E — Matoxxunanue u € € RL.

[Tpumem Bo BHUMaHue OpuTBY OKKama B OTHOIIEHUH pazMepa Mozenu [2] u naaum

Omnpenesenue 2. IlnotHocTs 3Hannit D B Mojenu M sBnenus @ onpeaensercs Kak
C

= 1any @

rae C — copepxanue 3HaHui Mozenu M u J (M) — KOIMOTropoBcKasi CloXKHOCTh [3] mogenu M.

CHOXHOCTb pa3HbIX SBJICHUN €CTECTBEHHO paziuyaercs. UToObl cpaBHUTH 3()(PEKTHBHOCTH
MOJIENIEN pa3HBIX SIBJIECHUI, Ha/ll0 OLCHUBATh CJIOKHOCTh SIBJIEHUS, HE Mojaenupys ero. [[ns atoro
NPUMEHUM YHUBEpPCAJIbHBIA QJITrOPUTM CXKaTus HH(poOpManuu Oe3 morepb K HU3MepeHusM P u
CPaBHHUM CKaTHE C MOTEPSIMU C TOMOILBIO MOJIENH M CO C)KaTUeM TeX ke JaHHBIX 0e3 nmoteps. Uem
Adydme Moaenb M, TeM MeHble OyeT OTHOIIEHHE MEXAY pa3MepoM JaHHBIX Mocie cxatus M u
aNTOPUTMOM CKaTHs 06mIero HasHauyeHus. O603Ha4uM | MUHUMAJIBHBIH HAGOP HHIEKCOB BXOTHBIX
usmepennit P([), xotopslit mosBonser M TpeickasaTh BCe OCTalbHble M3Mepenus. O6o3HaunM
G (X) pa3mep oObekTa X, CKATOTO aIrOpUTMOM CxkaTHs 6e3 moteps G, Harpumep, LZW [4].

Omnpenenenue 3. 3Hanus K mogean M sBnenus @ onpenensorcs Kak:

G(P
P CO— @3
G (P(I)) + G(M)
3nauenune K HezaBucumo ot D u C.
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Three Metrics of Knowledge
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Sentient agents, including humans, solve problems by building models. A model is an
explanation of a phenomenon, that is, an assumption of the mechanism of how can it occur. When
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building a model, we take a point of view of some theory on the phenomenon, discarding irrelevant
details. Each model has a limited domain of applicability. Within one theory, it is possible to build
models of multiple phenomena. We call such type of knowledge a “Scientific-type knowledge” [1].

We want to measure the knowledge content of a model M explaining a phenomenon @ and
pertaining to a theory 7. ® manifests itself as finite precision measurements P = {p;,p,, ... }. We
consider the viewpoint of T to be a projection operator T:p, — pL and assume that p. € R' and
Pk € R™, | < n. Some information is lost as a result of this projection if the kernel of T is non-
trivial and/or [ < n. The model M can predict some of the measurements pf, using some others as
an input. For a set of indices of input measurements I € N the model M produces a set of output
measurement approximations pé\m) = pf . We rescale the measurements and predictions and use
dimensionless Py = pL/pa, Where p, is an average measurement and assume 7 implies a distance
d(P1, D2)-

Definition 1. Knowledge content C of a model M of the phenomenon @ observed through
measurements pj, from a viewpoint of a theory 7 is:

s ~M) =t -1
C—mslnIE[d(po ,p0+e) ], (@)
where E is the expectation and € € R.

We take into account Occam’s razor, especially as applied to the model size [2] and give

Definition 2. Knowledge density D of a model M of the phenomenon @ is:

C
= oy @

where C is the knowledge content of M and J(M) is the Kolmogorov complexity [3] of M.

Some phenomena are naturally more complex than others are. To compare the efficiency of
models of different phenomena, we want to measure the complexity of a phenomenon without
specifically modelling it. To do so one can apply a general-purpose, lossless information
compression algorithm to the measurements P and compare the lossy compression by model M with
lossless compression of the same data. The better the model M is, the smaller will be the ratio
between the sizes of data compressed by M and a general-purpose compression algorithm. Let’s
denote I a minimal set of indices of input measurements that allows M to produce outputs for all the
other measurements, and P (I) the respective measurements. Let’s denote G (X) the size of object X
compressed by a general-purpose lossless compression algorithm G, such as LZW [4].

Definition 3. Knowledge K of a model M of the phenomenon @ is:

G(P)
= _ : (3
G (P(T)) + GM)
K defines a quantity that is independent from D and C.
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C

H € & MmN, J(M & M 1) Kolmogorov [#E5EN: [3] ) M.

B 5 AN A I S E AR A
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