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Redirect the Probability Approach in Econometrics Towards PAC Learning

Duo Qin?

Abstract

Infiltration of machine learning (ML) methods into econometrics has remained
relatively slow, compared with their extensive applications in many other disciplines.
The bottleneck is traced to two key factors —a communal nescience of the theoretical
foundation of ML and an outdated probability foundation. The present study ventures
on an overhaul of the probability approach by Haavelmo (1944) in light of ML
theories of learnibility, centred upon the notion of probably approximately correct
(PAC) learning. The study argues for a reorientation of the probability approach
towards assisting decision making for model learning and selection purposes. The first
part of the study is presented here.
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‘If the inference/algorithm race is a tortoise-and-hare affair, then
modern electronic computation has bred a bionic hare.’

Efron and Hastie (2016, p.4)

Machine learning (ML) is ubiquitous nowadays. Contrasts are striking when we try to
compare econometrics with ML. Mathematical contents are generally simpler in ML than in
econometrics textbooks; but achievements in ML already significantly outshine those in
econometrics, although econometrics precedes ML as disciplines of analysing passively
observed data from an open world. There must be an issue of inefficiency in econometrics, if
judged by economists’ standards.

Applications and adaptions of ML methods in econometrics are definitely on the rise in
recent years, so are reviews and promotions of ML toolkits, e.g. see reviews by Varian
(2014), Mullainathan and Spiess (2017), Charpentier et al (2018), Athey and Imbens (2019)
and Iskhakov et al (2020). Noticeably, ML is widely communicated and conceived as purely
a toolbox for data analysis in the econometric circle. There is a communal blind spot of the
theoretical foundation of ML. Two Chinese idioms comes to mind when facing the situation:
‘looking at the sky from the bottom of a well’, and ‘seeing trees but not the forest’.

It is obviously impossible for any discipline to gain widespread success without a sound
foundation. What underlies ML algorithms are theories of learnability, centred upon the
notion of probably approximately correct (PAC) learning. PAC learning lays a sound base for
systematic search of empirically best possible models, and the search is done predominantly
following a distribution-free strategy. Moreover, development of ML is accompanied by that
of artificial intelligence (Al), and intimately related to logical representation of knowledge,
reasoning and decision-making under uncertainty. The perspective and insight of PAC
learning makes me realise that the root cause of inefficiency in econometrics lies at its
outdated probability approach, and venture on a deconstruction of the approach.

The venture brings me to T. Haavelmo’s 1944 monograph. His eloquent rhetoric for the
probability approach and subsequently the rigorous formalisation work presented in the
Cowles Commission Monograph 10, see Koopmans (1950), have firmly framed econometrics
in the classical statistics paradigm and facilitated its extensive development in the discipline.
However, various modelling issues have emerged and accrued from practice, implicating
shortcoming of the paradigm. Remarkably, the shortcoming was pinned down in Judge et al
(1980) to the narrow focus of the paradigm — inference for ‘the case of a known sampling
model’. They further stated, ‘The framework for a theory of statistical inference based on
false models remains to be developed. This problem must be squarely faced in the future if
we are to meet and cope with the problem of developing more efficient procedures for
learning from finite samples of passively generated economic data’ (p.778). Now, the
framework is within sight of ML theories.

An overhaul of the probability approach inevitably touches on various issues of historical
and methodological nature. Nevertheless, my ultimate aim is to help free applied economists
from the bondage of textbook econometrics so as to unleash their potentials in producing
better synthesis of theoretical and empirical knowledge. ‘When academics encounter a new
idea that doesn’t conform to their preconceptions, there’s often a sequence of three reactions:
first dismiss, then reject, and finally declare it obvious.” (Sloman and Fernbach, 2017, p.255)
Hopefully, this study can speed up the arrival of the third reaction in the econometric circle.
To accomplish the present formidable task, | have resorted to writing interchangeably in both
English and Chinese. Here, the draft of first three chapters in both languages are presented.
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1. Abstract Modelling of Reality
1.1 Introduction

A probabilistic outlook forms the epistemological base of empirical verification of
theories, and probability-based statistical inference offers the essential means of the
verification. These principles underlic Haavelmo’s promotion of the probability approach.
The principles are upheld by roughly three inter-linked claims. First, decisions of economic
theory falsification can only be made in practice by means of probability thresholds. Second,
empirical measurement of economic theory entails the use of probability-based tools and
notions. Third, inaccuracy is inevitable in the measurement or quantification of economic
variables. Ubiquitous uncertainty thus sanctions probability models as the ‘bridge’ between
theory and data, and classical statistics as the tool provider for econometrics. Haavelmo thus
outlines econometrics in three parts: hypothesis testing, model estimation and prediction, as
discussed in chapters 4, 5 and 6 respectively of his monograph.

It should be noted that, prior to Haavelmo’s monograph, economists had voiced their
reservation and scepticism over the feasibility of probability in economic analysis. The voice
is led by two publications in 1921, A Treatise on Probability by J.M. Keynes, and Risk,
Uncertainty, and Profit by F.H. Knight. The scepticism extends mainly on two accounts: one
is related to the historical nature of economic events, in that information of the past is never
adequate for forecasting the future; the other is related to the abstract nature of many
economic concepts, in that probability measures are inept in formulating various uncertain
aspects of those concepts. The ensuing debates have never ceased over the century, but they
appeal mainly to the history and methodology of economics communities.® Little collective
interest is discernible from the econometrics circle. Although Keynes challenged Tinbergen’s
pioneering econometric modelling work with serious methodological concerns,? the deterrent
effect of Keynes’ critique was short lived. Econometrics has by now fledged so much along
Haavelmo’s probability approach that it forms a fundamental sub-discipline of economics
nowadays. With rapidly increasing data for economic analysis, widespread application of
statistical tools is inevitable, whereas it is hard to find constructive help from the anti-
probability rhetoric following the Keynes tradition.

To a certain extent, the growth of econometrics is sheltered by Haavelmo’s demarcation
of modelling tasks between economists and econometricians. The three-part research
structure of econometrics is conditioned on the presence of a priori theoretical models, which
are complete for statistical purposes.® Once the task of model formulation is delegated to
economists, there seems little relevance between econometrics research and debates over the
feasibility of probability in the history of economic thought circle. However, when it comes
to the origin of models, Haavelmo concedes that the ‘construction of tentative models ... is a

1 For more details, see Bateman (1990), Davidson (1991), McCann (1994) and also the special issue of
Cambridge Journal of Economics in 2021 (issue 5, vol. 45) marking the centenary of the two books, i.e. Keynes
(1921) and Knight (1921).

2 Keynes’ critique of Tinbergen’s macro model is published as a review of Tinbergen’s 1939 book entitled
‘Statistical Testing of Business Cycle Theories: A Method and its Application to Investment Activity’; see Part
VI, ‘The Tinbergen Debate’, in Hendry and Morgan (1995) for details.

3 It should be noted that conditions of when models are ‘complete ... for statistical purposes’ were elaborated by
Koopmans (1950). However, his notion of ‘complete’ models is geared towards identification conditions of
simultaneous-equation models and does not match with that of adequacy to be discussed in the final paragraph
of this section.




creative process, an art’ (p.10). From hindsight, this amounts to admitting that uncertainties
in model construction are too complex to be formalised by the probability approach.* It also
implies that econometrics is predicated on a condition whose realisation is beset with
uncertainties beyond scientific formalisation. Indeed, accruing evidence from decades of
applied econometric research shows that a priori formulated models are inadequate for
empirical purposes and that the probability approach is inept to deal with uncertainties from
model formulation. To those economists whose research is focused on designing empirically
verifiable models, they find the classic Haavelmo programme ‘irrelevant to the inductive
process by which theory actually evolves. ... his programme had nothing to contribute to the
construction of economic models’ (Eichenbaum, 1995, p.1619). In fact, experiments in data-
assisted model modification and specification are already part of routine research activities
among applied modellers. Unfortunately, lack of established and systematic ways for such
‘transgressions’ has given rise to ceaseless contention. It also brings about methodological
reflections on the probability foundation of econometrics.®

According to Hempel’s deductive-nomological scheme (1965), adequacy of any scientific
explanations embodies both logical adequacy and empirical adequacy. Logical adequacy of
theoretical models in economics is secured generally via formal algebraic deduction. The
deduction renders a sense of completeness. Empirical adequacy, on the other hand, is usually
in shortage, as evident from routinised data-assisted model revision activities. Essentially, the
activities reflect the lack of means to achieve empirical adequacy in the process of a priori
model formulation.® In other words, there are empirically uncertain factors which are beyond
what a priori deductive formulation of probabilistic models can tackle. In order to gain a
clear understanding of what these factors are, it is necessary for us to delve carefully into the
complexity of uncertainties when theoretical knowledge and empirical information are met
and joined via models.

1.2 Uncertainty in Quantification of Economic Variables

Uncertainty in quantitative measures of economic variables forms the backbone of
Haavelmo’s probability approach. In conceiving the uncertainty as random errors, he brings
in a three-type classification of economic variables: observational, true and theoretical
variables. Contemplation over the three categories, however, shows the conceptualisation
problematic and confounding. Characteristics of the uncertainty are far more complex than
what random measurement errors can depict. Moreover, quantification of the uncertainty
under many circumstances is more evasive than what can be coped with by statistical
inference tools. The appeal of dealing with measurement uncertainty from a probabilistic
outlook does not stand up for scrutiny.

Let us start from observational variables. They are more commonly referred to as
‘observable’ than ‘observational’ variables nowadays. Many economic variables are defined
directly in measurable terms, such as income, consumption, output, cost, profit and price etc..
The directly un-observables are a minority, such as risk, utility and capacity. On examining

4 For more discussion on the behavioural nature of uncertainty, see e.g. Bradley and Drechsler (2014), where a
typology of uncertainty from agents’ decision making perspective is proposed.

5 For an account of unsettling contention on model selection issues in the history of econometrics, see Qin
(2013, Ch9); as for methodological reflections on econometrics in connection to its probability foundation, see
Rowley and Hamouda (1987), and also Stanley (1998).

6 See Stigum (2003, Part I11) for a formal discussion on this point.
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observable variables, economists usually treat them in highly general and idealised forms.
The variables fall into Haavelmo’s category of true variables as the degree of generality is
pushed to infinity. The abstract nature of true variables determines them having no one-to-
one counterparts in available data even though they are innately observable. Take the concept
of income for example. We have, from the scale perspective, national income, gross national
product (GNP), gross domestic product (GDP) at the macroeconomic level, and household or
personal income, final income, after-tax income, disposable income at the microeconomic
level. From the time perspective, we have monthly income, annual income, regular income
and irregular income. When it comes to the concept of price, measurement varieties extend
much further. Scale wise, there are consumer price index, fixed capital investment price index,
import and export price indices, various financial market indices at the macro level; at the
micro level, the producer’s prices, wholesale prices, retail prices and average price indices for
single commaodities, and also various wage rates for labours of different occupations, not to
mention numerous equity prices listed on financial markets. Time wise, price data are
available at higher frequencies than income data; there are daily prices in commodity markets
and tick-by-tick stock prices in financial markets. On the whole, the framework of classical
statistics is discernibly too narrow to cope with the gap and measurement uncertainty
between true variables and their observable counterparts.

Fortunately, econometric research is spared from a sizeable part of the gap, due largely to
a combination of two factors: data sources and research purposes. As far as the data source is
concerned, most economic data are classified as secondary by collection. Unlike primary data,
which are collected directly by researchers in accordance with specific purposes of studies,
secondary data are collected and released mostly by governments, financial market
authorities and international organisations. Expectation is generally rather low on the
accuracy of observable variables of the secondary source in representing true variables
(usually below what random measurement errors characterise in statistics). It is widely
conceded that inexact data representation of true variables is unavoidable. Nontrivial
statistical discrepancies arise even with the same observable variable when data collection
and processing methods differ. A well-known example is GDP by the expenditure side,
which can differ sizeably from GDP by the production side. Nevertheless, it is taken for
granted that quality improvement of secondary data is the responsibility of the institutions
which release them. So long as methods of data collection and calculation remain unchanged,
discrepancies between true variables and their chosen observable counterparts are usually not
taken into account in econometric modelling research. This is mainly justified by the practical
need of policy analyses. Since what confront policy makers and analysts are various data of
the secondary source, they are mostly concerned with how to make data-congruent
judgements in respect to the variables of their concerns. Hence, they care only about the
inferability of the given observable counterparts of the variables of interest, rather than of the
true variables per se, i.e. variables devoid of any specific scale or time frames. To a large
extent, the practical value of any modelling results is predicated upon clearly targeted
circumstances within which the research is undertaken.

Now, under what circumstances do measurement errors in economic variables fall into
the range of uncertainty deemed as the object of econometric investigation? This brings us to
the situation where the variables of interest are unobservable directly and their measurement
is difficult to acquire without resorting to modelling. The variables are referred to as latent



variables in the situation. Noticeably, our concerns over latent variables reveal the ambiguous
nature in labelling variables by observability. Consider again the price variable. Although
regarded usually as an observable, this variable is not always directly measurable by
commonly used averaging formula at certain desired aggregative levels. Hence, prices can
become latent unobservables. In microeconomics, for instance, the same consumer goods are
often marketed under different brands and specifications, such as automobiles and electronic
products. Different prices of the same type of goods signify qualitative heterogeneity
associated with different brands and/or specifications. A price index of the type entails
removal of the part of individual prices reflecting the heterogeneity. The need gives rise to
the modelling method of hedonic price regression.

Obviously, it is impossible to have one-to-one correspondence between a latent variable
and its indices generated by particular measurement models. Modellers would go for indices
whose discrepancies from the latent variable are desirably trivial as purely random errors,
whereas they would not expect a priori that differences between indices from different
models be purely trivial random errors. Since latent variables are unobservable by definition,
choice of indices can only be made through assessing whether they exhibit qualities closest to
what are expected of the latent variables. This assessment process is essentially one of model
choice. The need for model choice, in turn, implies that non-trivial uncertainty is unavoidable
as far as whether purely theory-based models are data coherent is concerned. Can this
uncertainty be adequately tackled by the probability approach? Finding answers to the
question brings us back to the concluding point of the previous section, i.e. we need to focus
our scrutiny on where the uncertainty arise when theoretical models are applied to data.

The above discussion leads us finally to ‘theoretical’ variables, the last type in
Haavelmo’s classification. Since models act as the media of certain theoretical postulates,
model-generated indices, being postulated candidates to approximate latent variables, should
thus be qualified as theoretical variables. The qualification may lead to questions over the
distinction between true and theoretical variables as well as its empirical usefulness, since the
former is essentially an idealised concept without one-to-one correspondence in reality.
While these open questions admit no ready and easy answers, it is easy to see that the issue of
model choice which arises from latent variable model research should not be treated in any
different ways methodologically from that which arises from other model research areas in
econometrics. Consequently, our quest for the exact condition under which measurement
uncertainty in economic variables fall into the range of econometric investigation pinpoints
the uncertainty of theoretically formulated models when they are confronted with data.

1.3 Theoretical Models and Economic Reality

Let us start by delving into where uncertainty lies in the example given in the previous
section, i.e. measuring goods prices at the aggregate level by hedonic price model (HPM).
Suppose that we have large samples of cross-section data on individual products of one goods
on sale for T+1 time periods, (t = 0,1,:--,T), with each sample consisting of prices and
major features of individual products: (p;|x;;;i =1,--,n;j =1,--,]). To facilitate the
analysis, let us examine the HPM in its adjacent period time dummy variable specification.’

7 Griliches (1961) is credited as the pioneering HPM research; see Triplett (2004) and Hill (2013) for detailed
reviews of the topic.



Specifically, we pool two adjacent samples together and run the following HPM on T pooled
samples:

Q3D ) = o+ (B D e

where z;, (k =1,--,K) are quality variables derived from features x;;, e.9. zy = x;;, or
Zye = In(x;1), OF zy = xj1X;2, OF Zy = x4, and D; is a time dummy with D; = 0 at t and
D; = 1at t + 1. The key parameter of interest is at*1, since a time-series hedonic price index

of the goods can be easily constructed from the series, {ea”l}, of the T regressions.

Discernibly, @¢*! is sensitive to the exact formulation of f(z;"*", ;). In practice, two

symptoms are known to frequent (1.3.1): undesirable statistical properties in residual
distribution and weak constancy in S, across different pooled samples. Both indicate
empirical inadequacy of a priori formulated f(z5;'*", B) when it is tried to data. Two
diagnoses are often considered: First, hedonic demand with respect to certain quality features
is nonlinear, e.g. what consumers are willing to pay for certain feature enhancement is not
simply a linear incremental in price; and second, there is too much heterogeneity in samples
to be representable by a single regression function based HPM. Treatments of the

heterogeneity involve the design and selection of zit,f“, and possibly either sample trimming

or extension of f(zf,f“,ﬁk) into a generalised additive model. The resulting model revisions

can only be based on data-assisted experiments and will inevitably affect @¢**. During the
experiments, however, the roles that probability-based statistical tools can play are limited.
On the other hand, credible probability-based statistical inference on @‘*! is predicated on
the revisions being empirically successful.

Admittedly, HPM is far from a representative case, and measurement modelling of latent
variables is not a topic that appeals to many modellers. However, uncertainty about empirical
adequacy of a priori formulated models is ubiquitous, and the need for data-assisted model
revisions as described above prevails in econometric practice. Let us reflect on this need in
cases more representative than HPM, using, in turn, two basic types of data: cross-section and
time-series samples.® The former is dominantly used in micro-econometric research, where
the research is usually guided a priori by theories of partially behavioural causal postulates,
say x; - y. Denote a corresponding sample of size n by (y;|x;;;i =1,-+,n;j = 1,-+,]),
where (x;,, -, x;;) are other possibly relevant causes. Models similar to (1.3.1) are postulated,
e.g..

(1.3.2) Vi = Bo + f(xin, Zigs Br) + &

where z; (k = 1,--+,K) are designed attributes based on {x;;} in a similar way as in the
HPM case, despite of the fact that the parameter of interest is now inside f(x;q1, Zik; Bi)-
Undesirable statistical properties of ¢; are virtually a norm, as the residuals usually take the
lion’s share of data variation on y; due to rather low model fit. Heterogeneity in agents’
behaviour is a common diagnosis, and treated frequently with various dummy variable
methods, e.g. fixed or random effect methods. The treatment effect is, however, rather limited
as far as model fit is concerned. In the circumstances, research focus is mostly limited to the

8 Although use of panel data samples is on the rise, the corresponding statistical tools are extended from either a
time-series perspective or a cross-section perspective.



credibility of the estimated parameters of interest defined a priori in theoretical models. This
leads to routine practice of data-assisted model revisions on the selection of z;;,, especially
those which pose the risk of omitted variable bias to the consistent estimation of the
parameters. Consequently, it is taken for granted that the global generalizability of those
parameters is already guaranteed by a priori theorisation. Little attention is thus spared on
assessing parameter constancy empirically.

Parameter constancy is a major concern in macro modelling using time-series data, due to
the common expectation of model prediction. The drive for forecasting accuracy has led to a
dynamic extension of models traditionally deduced from a static, general equilibrium stand,
such as rational expectations models. Correspondingly, models of the vector autoregression
(VAR) type prevail in macro-econometric research, e.g. an open VAR:

(1.3.3) Ye=Ag+ Xl Ao + 5o BiXeoj + &

where Y; is a vector of modelled variables, X, a vector of other relevant variables, A; and B;
are parameter matrices.® VAR models usually fit data much better than what micro models
yield using cross-section samples, and they thus result in more satisfactory statistical
properties of .. Two factors contribute mainly to the contrasting outcome: time-series
samples are relatively small and there exhibits significant inertia in modelled variables in the
samples. Nevertheless, data-assisted model selection is indispensable, at least in two related
aspects: lag length, I, and composition of X,. VAR models are notorious for over-
parameterisation, because of not merely small samples, but the sensitivity to the chosen [ of
the static state equilibrium relations embedded in VARs. Parameters in these relations,
commonly referred to as long-run parameters and treated widely with focal theoretical
interest, are derivative of the lag structure of the chosen VARs. As for the second aspect,
institutional changes are of common occurrence over certain time periods. Needless to say,
institutional and other sample specific features are disregarded in standard theoretical models,
but they are not ignorable when it comes to forecasting. More often than not, unexpected
regime shocks are identified to cause systematic forecasting failures. The failures imply loss
of empirical constancy in certain parameters of the models concerned. It is a well-known fact
that long-run parameters are particularly susceptible to ‘regime shocks’.

Evidently, uncertainty of empirical adequacy in a priori formulated models is an
unignorable reality. Data-assisted model revisions are not only inevitable but also prerequisite
to empirical verification of economic theories by means of statistical inference. The revisions
commonly extend into two intertwined dimensions: (a) Revisions with respect to possibly
omitted input variables in a priori formulated models. Theoretically deduced models, no
matter how algebraically rich for inference, are bound to omit certain causes, especially
vernacular features of the economy under investigation, which are unignorable in passively
observed data. The uncertainty of whether, and if yes, how these causes affect the theoretical
relations of interest has to be empirically examined. (b) Revisions with respect to input
variable forms. For many hypothetical causal relations, their appropriate formulation entails
adequate representation of the feature of scale dependency of the variables involved. For
instance, flow variables, such as income and consumption, and stock variables, such as

9 VAR models are systematically promoted by Sargent and Sims (1977), e.g. see Qin (2013, Ch 3) for a more
detailed historical account.



savings and inventory, usually lack the statistically separable property desired of regressors.
The lack is a major contributor to model-form uncertainty, leaving the hypothetical causal
relations prone to omitted variable bias. Consequently, careful input feature design is a
prerequisite, as shown in experiments with lag lengths, short-run versus long-run
specifications in the dynamic model research. In addition to the revisions, modellers should
be aware of the uncertainty pertaining to inference boundaries. Unlike experimentally
collected samples, ‘populations’ corresponding to passively observed samples in an open
world are not known for certain. Practical use of econometric models is thus predicated on a
posteriori clarification of this uncertainty, e.g. via identification of specific real world
situations under which models retain empirical regularity and thus generalizability. The
apparatus of statistical inference is not designed to tackle all these uncertain aspects, since its
framework is built on the premise of absence of these aspects.’® On reflection, Haavelmo’s
concession of the situation as an ‘art’ is indeed a precise sum-up.

Despite of the sum-up, Haavelmo devotes his entire subsequent chapter to the
fundamental properties of fruitfully formulated models. In his view, ‘constancy’, ‘simplicity’
and ‘autonomy’ are the basics expected of any causal relations depicted in models (see his
Ch.2). In a world where model construction is delegated out of econometrics per se, these
basics have been taken as guaranteed by rigorous mathematical deduction in a priori model
formulation. However, that assumption has been widely falsified in practice, and
econometrics has been infested with problems from models which lack those properties.t* It
turns out, from the rise of machine learning theory, that the properties should be utilised as
key operational criteria of statistical learning. These criteria facilitate the transformation of a
substantial part of the ‘art” process into a scientifically operational process. The next chapter
explains in more details basic statistical machine learning principles for model construction,
with emphasis on notions such as probably approximately correct (PAC) learning, structural
risk minimisation and Occam’s Razor. In particular, it argues that fruitful model construction
has to come from a fusion of prior knowledge and data information through inductive
experiments which are targeted at model generalisability, and that the need for making
various decisions during the construction leads to uses of mathematical tools well beyond the
realm of classical statistics.2

Adoption of a machine-learning-theory-based modelling approach will extend and thus
reshape the landscape of econometric research. Hence, it is imperative to overhaul the
existing probability-based paradigm. The ensuing chapters are an endeavour towards this goal.
Chapter 3 examines the effective roles of probability theory in econometric research. The
examination reveals that empirically viable econometric models actually dispense with the
widely claimed probabilistic foundation, i.e. joint distributions of all the relevant variables.
Theoretically, formal representations of economically causal claims are mostly logic based
and distribution-free. Correspondingly, econometric models built from and to be used in an
open world environment are predominantly discriminative rather than generative. The

101t is interesting to find from Kardaun et al (2003) how these uncertain aspects are regarded as ‘enigma’ and
‘cryptic issues’ by statisticians.

1 For a historical account of methodological discussions on inadequacy of a priori model formulation, see Qin
(2013, Ch 9); for discussions on models and theories versus reality from broader methodological perspectives,
see e.g. Méaki (2002), and Rodrik (2015).

12 For reviews and discussions on methodological differences between statistical machine learning and classical
statistics, see e.g. Breiman (2001) and Efron (2011).



primary role of probability is therefore to assist the process where those models are
discriminatively learnt through synthesis of prior knowledge and data information. The
subsequent chapters further delve into this assistant role from three aspects in line with
Haavelmo’s monograph, namely hypothesis testing, parameter estimation, and prediction.

Chapter 4 exposes the oversimplistic and over-restrictive nature of the hypothesis-testing
framework for the task of testing and verifying economic theories against data. The exposure
manifests how pivotal it is for model formulation to follow the machine learning approach,
how diagnostic function of hypothesis testing takes precedence over its inferential function
under the approach, and where limitation of probability-based diagnostic tests lie during the
learning process. Chapter 5 extends the discussion onto parameter estimation. Conceptive
defects of the estimation-centred mainstream position are highlighted. The primary function
of estimation to assist the design and learning of meaningful and estimable parameters of
interest is analysed. It is only after models with interpretable parameters are successfully
learnt by the criterion of structural risk minimisation that the issue of parameter inference
comes onto the research agenda. Basic problems concerning parameter inference post model
selection are briefly discussed. Chapter 6 turns to model prediction. By reiterating the pivotal
role of generalisability during the model learning process, it appeals for an imperative rebase
of the probability approach in econometrics towards decision-making assistance following
the PAC learning methodology.

2. Learnability of Economic Relations

Prior to the discussion of the probability approach, Haavelmo devotes his Chapter 2 on
the fundamental question of concern to economists, namely ‘whether we might have any
hope at all of constructing rational models that will contribute anything to our understanding
of real economic life’ (p11). Noticeably, much of his vision anticipates the principles of
machine learning, whereas it has been largely left out of the formalisation of econometrics.
His emphasis on ‘the degree of permanence of economic laws’ (p12) that models should
exhibit corresponds to the primary drive for generalisability in machine learning. His
description of the passive condition of modellers and of the need to have ‘design of actual
experiments’ (p13) is effectively the basic setting of statistical machine learning.

The task of this chapter is to revamp Haavelmo’s principal vision in light of the theory of
generalisation in machine learning. It is argued in Section 2.1 that the various difficulties
presented in Haavelmo’s Chapter 2 demonstrate that model formulation is nothing but a
statistical learning issue. The challenge of fulfilling Haavelmo’s requirement of ‘reversibility
of economic relations’ (pl17) is now met by learning algorithm which targets at reverse
engineering data generation mechanisms. In Section 2.2, the gist of basic machine learning
theory is presented. Targeting originally at uniform learning issues, the concept of
learnability is formulated around the notion of probably approximately correct (PAC)
learning. Empirical risk minimisation is used as the basic optimisation criterion and the bias-
complexity tradeoff as the basic model selection principle. The feasibility of the theory in
econometrics is also discussed. Extension of the PAC learning theory with respect to non-
uniform learning issues is described in section 2.3. Here, the criterion of structural risk
minimisation is introduced, along with the notions of Occam’s Razor, model consistency and
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stability, as well as the equivalence between bias-complexity tradeoff and fitting-stability
tradeoff. Haavelmo’s desired criteria of ‘simplicity’ and ‘autonomy’'3 have finally been
formalised into an operational framework. A summary of the typology of machine learning
issues is given in Section 2.4. How the typology can enlighten us on model formulation
issues is also briefly discussed there.

It should be noted that one key concern of Haavelmo’s is the reversibility of
simultaneous-equations models (SEM). However, naively proposed static SEMs have long
been abandoned in econometric research because of their serious misrepresentation of
complex dynamic interactions of economic variables. In any multi-equation dynamic models,
how to formulate single equations to minimise uncertainty and maximise generalisability
remains the most elementary learning task. Hence, this task forms the focus of the present
chapter. Problems and consequences of treating the absence of reversibility of static SEMs as
an estimation issue are discussed in Chapter 5.

2.1 Construction of Economic Relations is a Learning Issue

Formulation of economic hypotheses into economic relations for empirical verification
evokes certain basic properties on those relations. Three basic properties have been identified
by Haavelmo and extensively discussed in his Chapter 2: constancy or permanence, passive
observability with respect to available data (i.e. reversibility), and a high degree of
‘autonomy’ or structural invariance in an open and ever-changing world.

While fully convinced of the possibility of having relational models with these properties,
Haavelmo is aware of the challenge of constructing such models. As far as formulation of
individual relations is concerned, the difficulties that he discusses at length can be summed
up as follows: (1) Prior reasoning is usually based on the premise of rational economic
behaviour, which is usually characterised by simple rules of optimality. However, these rules
are often too simple and over-sweeping in reality. (2) Choice of a theoretical perspective
amounts to narrowing down the focus on specific causal relations and omit other possibly
causal factors. The omission is covered by the ceteris paribus condition, a condition which is
untenable in empirical analyses where data are passively observed from an open world. (3)
When the causal relations of prior interest involve multiple input variables which are highly
correlated with each other, it is very hard to disentangle the individual effects of these
variables using passively observed data. (4) Policy or regime changes are normal occurrence,
as agents often find themselves facing new ‘milieu’ (p.20). Hence, statistical population
uncertainty and shifts are unavoidable with passively observed data from an open world.

What underlies all these difficulties is the inevitable uncertainty in a priori formulated
models, a point already discussed in the previous chapter. Moreover, the desired model
properties that Haavelmo put forward are not innate of a priori formulated models and entail
empirical investigation and evaluation. Hence, Haavelmo’s discussion essentially implies
indispensability of empirical adequacy in model formulation. This indispensability is phrased,
in Haavelmo’s parlance, as the necessity of having some ‘design of experiments’ in mind as
‘an essential appendix to any quantitative theory’. This is backed by a quote of B. Russell,

13 The notion of autonomy was originally put forward by Frisch, e.g. see Qin (2014) for a historical account.
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“the actual procedure of science consists of an alternation of observation, hypothesis,
experiment, and theory” (pl4). On hindsight, his ‘design of experiments’ foreshadows the
approach of computer-aided statistical learning, or machine learning in short. The machine
learning approach is developed explicitly for analysing unknown data mechanism in an open
world. Here, it is worthwhile noting that this situation is described as theoryless by Valiant
(2013, Ch.1) in his insightful exposition of PAC learning theory, as differentiated from
theoryful ones where there already is good scientific knowledge. For theoryless problems, the
formal mathematical deductive route, which works wonder for theoryful matters, such as in
physics, fails generally. Our cognition has been dealing with problems in theoryless situations
mainly by means of common-sense knowledge, and pivotal in that knowledge formation is
the role of learning. The goal of machine learning is to mimic that human learning process.

A central task of machine learning is model construction in theoryless situations, a task
sometimes referred to as ‘function estimation’, cf. Goodfellow et al (2016, Ch.5). During the
learning process, what researchers desire as the necessary model properties are turned into
model selection criteria such that computers can help researchers find relations which are not
only data-congruent but also best serve their purposes. In other words, the computer age has
made it possible to execute various designed experiments essential for the learning task. Let
us now set up this task using the framework of machine learning. Denote the causal relation
of a priori interest by X — y, where X is an input variable set of postulated economic causes
of the output variable, y. By economics convention, certain optimal rules under the premise
of rational behaviour are imposed to facilitate algebraic derivation of the following functional
relation:

(2.1.1) Y = hyp(xg, X2, -+, Xg; K),

where the causal relation becomes measurable via the parameter set, k. Since the optimal
rules usually imply convexity, that results in linear h, with respect to x. However, it is
impossible to ensure h, being data-congruent, especially in view of those prevalent
difficulties Haavelmo discussed. Now, denote the data-congruent and ideal/correct functional
relation as:

(2.1.2) Y= fxn, %0, X 21, Zs B) + €

where (z4, -+, z,,) IS a variable set disregarded by (2.1.1), k € 8 and ¢ represents ignorable
noises/errors. Clearly, the target function f is unknown a priori and not completely knowable
a posteriori due to the presence of €. It is thus the researchers’ task to search for the best
possible approximation, h; =~ f. The search entails designing learning algorithm which
should incorporate the rules of what constitute a credible relation together with the criteria of
what data-congruent relations are. Specifically, the latter should include parameter constancy
with respect to k and structural invariance with respect to hy, in view of Haavelmo’s three
properties. Discernibly, his requirement for ‘the reversibility of economic relations’ is already
built into the setting of the learning task, h; ~ f, whereas prevalence of the difficulties listed
by Haavelmo amounts to h,, # h, in general.

The above setting effectively assumes the feasibility of circumventing, by means of
empirical solutions, the impasse of finding data-congruent relations through analytical
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solutions. Is this route of inductive learning reliable and credible? An affirmative answer can
be found in the computational learning theory.

2.2 Reversibility Embodied in PAC Learnability

Theories of computer-aided statistical learning are well developed and widely introduced
in machine learning textbooks,** as a result of concentrated research mostly during the
second half of the 20" century. This section offers only a very short summary of the gist of
the theories.

Following the setup in the previous section, we define the learning task as seeking the
best approximation of the unknown function f: X’ — ¢ with the help of available data set, D,
e.g. see Friedman (1994, 1997). A hypothesis class, H, i.e. a certain class of possible
functions is proposed with respect to prior knowledge. To choose the best possible hy = f
from H using D, certain data optimisation criteria are needed. One obvious criterion is to
minimise empirical noises/errors, which is known also as empirical risk minimisation (ERM).
By using a certain loss function, £, ERM is realised at hy = argmingesEy,, Where Ej,
denotes the within-sample error term, i.e. E;;, = E[£(h)].

Since generalisability of hy, is the ultimate goal, we need to go beyond ERM and examine
the properties of the out-of-sample error, E,,;, with respect to E;,,. The model, hy, is said to
be PAC, i.e. probably approximately correct, if, for a given accuracy or performance level, €,
also referred to as the accuracy parameter, the following probability is tolerably small:

(2.2.1) Pl|E,u: — Ein] > €] < 6,

where the threshold, &, is commonly referred to as the confidence parameter, in that we are
confident of hy, being PAC learnable at the level of 1 — §. Noticeably, the concept of PAC
learnability is defined by the two approximation parameters, €,6 € (0,1), without any
distributional assumptions on D. Hence, the framework is often referred to as a distribution-
free learning one.'®

In order to pin down the circumstances under which PAC learnability of hp is feasible
with high confidence, we need to examine the size of the generalization error, |E,,; — Einl,
as well as its properties. The examination results in formalised theorems on the conditions of
convergence of E,,,; using the ERM rule, and especially on the generalisation bounds implied
in (2.2.1): E,: < E; + €, such as bounds defined by Hoeffding inequality, VC (Vapnik-
Chervonenkis) dimension and Rademacher complexity. Roughly, these bounds can be
summarised as:

14 PAC theory of learnability was proposed by Viliant (1984). Vapnik (1999, 2003) provides an authoritative
framework and overview of statistical machine learning theory. For a detailed and formal account of the theory
of machine learning, see Shalev-Shwartz and Ben-David (2014, Part I); explanations of the theory at far less
technical levels can be found in Abu-Mostafa et al (2012, Chs 1 & 2) and Russell and Norvig (2016, Part V).
15 More precisely, this distribution-free PAC learning theory is described as agonistic PAC learnability, cf.
Shalev-Shwartz and Ben-David (2014, Ch. 4). Consequently, PAC learning should be ‘viewed as substantially
assumption-free and not as imposing substantive constraints’ from a cognitive perspective, Valiant (2008,
p420). It is also worthwhile noting that PAC learning is regarded as ‘rational approximations to concepts’
(Doyle, 1992, p399) from the lens of economic principle of rationality.

13



(2.2.2) Eput < Eim + 0 < /%zmv),

where N denotes the size of D, d is a dimensionality parameter of H, and the big-O is a
standard asymptotic notation for the limiting property of the term. Essentially, the argument
of the term demonstrates a close relationship between the complexity of 7 and the size of D.
The more complex H is, the larger data samples are needed to keep the argument, i.e. the
bound, non-increasing. For given  and chosen values of €,6 € (0,1), the resulting N by
(2.2.2) 1s referred to as ‘sample complexity’.

Since hp is an approximation of the assumed true, but unknown £, its choice is bound to
erring in a passively observed open world, as reflected by § > 0. This can be further
examined through a conceptual decomposition of the expectation of E,,,; in respect to f:

(2.2.3) ]E[Eout] = [[E(h-D) - f]z +E [(hD - ]E(hD))Z] = €qpp T Eest

The above decomposition reveals the essence of the generalisation goal: making trade-off
decisions between approximation error, €,,,,, and estimation error, €. Since €,,, measures

the deviation of hq, from £, this term is widely regarded as model approximation bias induced
by the choice of #'. This bias can be reduced by expanding H, i.e. increasing d. €.
measures empirical risk once hq, is determined; it usually increases as d rises and decreases
as N rises. It should be noted that the unknown nature of f determines €, as a purely
theoretical notion. In practice, the generalisation goal amounts to choosing, via monitoring
€qst» hp Where the two opposite tendencies strike a balance. This tradeoff is widely referred
to as bias-variance or bias-complexity tradeoff in the machine learning literature.

Execution of the tradeoff examination for the model selection purpose entails the partition
of available D into two parts: a training set and a test set, i.e. D = Dirqin Y Dyatidation aNd
Dirain N Dyaridation = 0.8 The partition enables derivation of E;,, from Dy,4i,, as well as
simulation or approximation of E,,;; bY Eyqiigation frOM Dyatidation. BOth error terms are
computed through execution of algorithm, A, which is programmed to combine H and ¥.
The design of A plays a vital role in machine learning, and A is sometimes referred to as
perceptron learning algorithm (PLA), following the byname of neural networks as
‘perceptrons’ in artificial intelligence (Al).

It is worthwhile noting that the reckoning of €,,, as bias and the focus on bias-
complexity tradeoff help shed light on where the probability-approach-based econometrics
has gone astray epistemologically. The focal attention on estimation bias in econometrics, as
well as wide conviction of its presence, is predicated on the untenable assumption of no
approximation bias in any algebraically deduced economic models.

But is the paradigm of PAC learning theory indeed applicable for econometric research?
Our previous discussion has already argued for the inevitability of a posteriori approximation
of the a priori unknownable f. What remains to be examined are: (a) How compatible the
three components, namely 7, £ and D, in PAC learning theorems are with their counterparts

18 In machine learning textbooks, data are split into three subsets for large samples: training, validation and test
subsets. The validation subset is for model selection, whereas the test subset is for model prediction assessment.
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in econometrics; and (b) if compatible, what limitations the learning theory has when applied
to econometric modelling. A brief discussion of the two issues is offered below.

Almost all positive theoretical models in economics are deduced on the basis of certain
optimality rules of rational economic behaviour, such as maximising utility or profit, or
minimising risk or cost. These rules effectively enable economic relations to be representable
by a convex hypothesis class, as depicted by (2.1.2). It is upon this class type of # that the
foundations of PAC learning theory are built. Within the convex class, a family of linear
relations, known as linear predictors in machine learning, is used for two types of targets: (i)
when g is continuous, and (ii) when y takes discrete, especially binary, values to represent
classification issues. Consequently, the approximation criterion of ERM leads to two
common types of £: regression loss based on a quadratic or squared error loss function and
classification loss based on a logistic function. It is in the latter context that PAC learning
theory is originally developed, before its extension to the former. In applied econometrics,
both model types are also extensively used, even though differences exist in the objectives of
optimisation underlying the loss functions. The original PAC learning theory assumes
randomly sampled data, corresponding to the i.i.d. (independently and identically distribute)
assumption of classical statistics. Recently, the theory has been extended to the situation of
stochastic time-series samples, where the assumption of randomly sequenced sampling
method is removed, e.g. see Zimin and Lampert (2017), Dawid and Tewari (2020). On the
whole, a fairly high degree of commonality is discernible.

Available data sample sizes can be a constraint to the application of PAC learning theory
to econometric modelling. But this is generally a weak constraint in view of what data have
been used in the existing literature. Most of the hypothesis classes and associated loss
functions in that literature are in routine use in machine learning, as pointed out above.
Adoption of the machine learning approach should actually unleash research potential of
empirical issues which are more complex than what is possible under the current econometric
approach. Nevertheless, we ought to be aware that the range of theoryless questions that PAC
learnability can tackle faces severe computational limitations, an issue commonly referred to
as computational complexity, e.g. see Valiant (2013, Chs.3 & 5), and also Shalev-Shwartz
and Ben-David (2014, Ch. 8). A key deciding factor here is how much simplification is
feasible in the formulation of representations of the complex issues of interest. In fact,
explicit pursuit for simplicity is fundamental in machine learning. This is particularly evident
from the introduction of structural risk minimization (SRM) into learning theories, in order to
overcome the over-restrictive condition of uniform convergence of empirical risks implied in
ERM, upon which PAC learnability is essentially formulated. Remarkably, theories of
nonuniform learnability are formulated under conditions, which coincide with ‘simplicity’
and also ‘autonomy’, two desired criteria of model formulation that Haavelmo has discussed
at length in his Chapter 2.

2.3 Simplicity and Autonomy: Occam’s Razor and Stability

ERM can become an ill-posed induction criterion for the task of generalisation when only
finite samples from in an open-world environment are available, because uniform
convergence as N — oo is a non-dependable state, see Mukherjee et al (2006). Under the
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circumstance, a learner can only try and make the best possible decision on the bias-
complexity tradeoff shown in (2.2.3) through experiments using available D;,,;, versus
Dyatidation- 1he outcome is illustrated via the learning curve shown in Figure 2.1. While
Etqin, Which represents errors of a fitted model, is decreasing with the rise of model
complexity measured by d, Eyqridation. Which represents model prediction errors, is not.
Movements of E,iqation @re d dependent. It will start increasing once d surpasses a certain
threshold point, d.. Hence, models with d < d. underfit the data whereas models with d >
d. overfit the data. In the event of having finite sample information, models which are
selected under ERM without undergoing the tradeoff experiments may not be the best
generalisable ones. That implies that we can exploit the tradeoff decision rule to make up for
avoiding the uniform convergence requirement under ERM. In other words, we can extend
the rule of maximising model fit by combining it with the rule of minimising model
predictive errors. The latter implies going for the simplest possible models with respect to the
prediction purposes. This principle of model parsimony is widely referred to as Occam’s
Razor, attributing to Occam’s philosophical idea that the simplest possible explanation is
usually the best one. On reflection, Occam’s Razor effectively reflects and articulates the gist
of Haavelmo’s discussion on simplicity for model formulation.

Figure 2.1 Diagram of Learning Curve
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Consequently, the criterion of SRM is proposed to replace ERM for nonuniform
learnability. SRM can be represented as follows, see Abu-Mostafa et al (2012, p178). Define
a hierarchy or nested sequence of hypothesis classes as a ‘structure’: H; € H, € - € H,;
-++; select one hypothesis from each 7{; under ERM, i.e. h;p = argminyey E; in; make the
final selection among the selected {hw} by imposing, on the E;, minimisation, a penalty
rule, A, for model complexity:

(2.3.1) hip = argming ;.. [E;in(hip) + AF)]

The resulting h; 4, is proved to embody the principle of Occam’s Razor, in that its selection is
at the best bias-complexity tradeoff point, d., in Figure 2.1. The selection thus fences off the
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overfitting risk. The last step in the SRM process amounts to searching, among all competing
hypotheses, for the one with the smallest generalisation bound. 1’

The pivotal role of predictive error minimisation in model selection leads to growing
scrutiny on the tradeoff properties by means of resampling techniques. From the perspective
of varying sample sizes in the division between D;,qin aNd Dygiidation, the minimisation
implies that h;, should be consistent in their predictive performance. In other words, the
expectation of the predictive errors should show convergence with changing test sample
sizes. This consistency is formalised as a stability property measurable from E,;iqation, @nd
shown to be a generic condition for generalisability or learnability, e.g. see Poggio et al
(2004), and Shalve-Shwartz et al (2010). The condition of stability plays a particularly
important role in learning algorithm designs. It facilitates the operational search for the best
possible bias-variance tradeoff by matching it to the best fitting-stability tradeoff, see Shalev-
Shwartz and Ben-David (2014, Chl3). Discernibly, theorisation of ‘stable rules do not
overfit’ (p.173, ibid.) provides us with a parsimonious formalisation of Haavelmo’s advocacy
for autonomy as well as simplicity in model formulation.

Figure 2.2 Basic Setup of Nonuniform Learning Problems

Learning issue: Unknown target function
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J Prior knowledge: Data sample: D
Inputs Hypothesis classes H;
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structural risk J
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Algorithm cA:
{hp € 3;: SRM(¢, 6,d)}

Output _J Empirical model:
| hp = f

Adaptation from Figure 1.2 in Abu-Mostafa et al (2012).

The basic setup of the above machine learning paradigm is illustrated in Figure 2.2. It is
worth noting here that the paradigm refutes what is popularly perceived of machine learning
in the econometric community: Machine learning is black-box based and solely data-driven

7 Noticeably, the SRM-based learning theory crystalises, to a great extent, the main theme of a ‘progressive
research strategy’ proposed by Hendry and Richard (1982) in econometric modelling. In particular, Occam’s
Razor is embodied in the parsimonious encompassing principle, e.g. Hendry (1995, Ch14), although the
principle is not focally and exclusively targeted at the generalisation capacity of models via the test stage
subsequent of sample partition.
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towards predictive fit, in sharp contrast to causal-explanation centred econometrics. The
perception stems probably from the observation that data analysis techniques form the core of
machine learning textbooks. But that is because the initial formulation of H; entails domain
knowledge not because #; is dispensable. The indispensable role of H; is clearly specified
in various learnability theorems. The fruitfulness of learning is embodied in sample
complexity and tightness of the generalisation bounds. Both measures are predicated on the
choice of H;. In particular, the chosen hypothesis space ought to be large enough for
solutions to the research issues of interest, whereas small enough for generalisation checks
within available data samples. Both underfitting and overfitting should be avoided.

Furthermore, two fundamental notions in econometrics — bias and consistency, are
conceived and conveyed in a strikingly different context. Specifically, bias is an innate
quality of any models from the perspective of PAC learnability. All one can do for fruitful
model selection is to go for the best possible bias-complexity tradeoff. Correspondingly,
design of consistent algorithms becomes a prerequisite for the learning process. Both notions
clearly transcend the narrow context of parameter estimation, prompting us to reassess their
methodological basis in econometrics.

Obviously, SRM-based model selection involves multiple decision-making tasks. Their
implementation demands for tools well beyond what the toolbox of classical statistics can
offer. In particular, the design of A demands careful consideration of the interplay of
computational and statistical tools. Furthermore, it entails improvements and renovations of
the processes whereby prior knowledge and data information are infused. To embrace and
synthesize the paradigm will be game-changing in econometrics.

2.4 Statistical Learning Paradigm and Formulation of Econometric Tasks

Theorisation of PAC-based learnability is originally built on what is classified as
supervised learning problems. The domain of supervised learning comprises data samples
where variables are sorted into inputs and outputs/responses, and the goal of modelling is
explicitly targeted at predicting the latter group. Variables of this group are referred to as
labelled (correct) targets. Their sample counterparts are treated as representative examples
capable of teaching or guiding the learning of ways in which inputs would yield the targets
systematically. Two commonly used model types are (i) classification or logistic regression
models for predicting class labels, and (ii) regression models for predicting numerical labels.

In contrast to supervised learning, there are no labelled output examples to guide pattern
or structure recognition in the domain of unsupervised learning. All the variables are treated
as inputs. The conventional statistical tool of principal components analysis is categorised
into this domain, whereas clustering analysis occupies a more centred stage nowadays. The
lack of leverage of labelled examples makes it more challenging to fulfil unsupervised
learning tasks than supervised ones. A major obstacle is how to choose and formulate
adequate and also meaningful criteria under which both model selection and evaluation can
be performed. Prior bias is inevitable during the choice and the formulation, and it is
embodied in the model outputs.
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An extension of the two categories is known as semi-supervised learning, e.g. see
Chapelle et al (2006), van Engelen and Hoos (2020). This type of learning deals mainly with
the situation where only a limited number of labelled examples is available. The examples act
as partial guidance for the search of interesting structures from abundantly large amount of
unlabelled data. Alternatively, learning tasks with unlabelled data can become semi-
supervised ones when there are available prior constraints, which are utilisable as partial
supervisors of the tasks. Semi-supervised learning relates intimately with a type of learning
alternative to induction: transductive inference, i.e. learning general rules from specific
examples for the purpose of inferring about pertinent specific classes.*® In other words,
learning by transduction aims at inferring from-specific-to-specific issues rather than from-
specific-to-general (or from-sample-to-population) issues. A popular toolkit of transductive
learning is cluster-based nearest neighbour classifier algorithms, e.g. see Gammerman et al
(1998).

The domain of supervised learning can clearly accommodate a large amount of
econometric modelling tasks, tasks which are led by hypothetically formulated causal models
and executed with data samples containing labelled output variables corresponding to those
models. In fact, regression and classification models have enjoyed prevalent application in
econometrics. Often, economic theories impose more conditions than prediction of the
labelled output variables. For example, certain causal relations between input and
target/response variables should be negatively proportional, and others incrementally
positive. However, such conditions will not alter the nature of supervised learning as they can
be regarded as additional supervising constraints. Hence, the learnability theory provides us
with a promising way out of the knotty problem of uncertainty in model formulation
discussed in Chapter 1.3. It shows us what conditions are necessary concerning hypotheses
and data in order for us to turn the art of model formulation into science. It also shows us how
the framework of inductive learning differs from that of classical statistics. From the former
perspective, the learning tasks of parametric inference in statistics belong to deductive
learning.

The classification of different learning issues in machine learning further prompts us to
reflect on possible pitfalls in the formulation of different econometric issues. Two cases are
worth noting here. The first is the century-long endeavour to construct leading indicators in
business cycle research. The task remains to be treated as an unsupervised learning one
essentially, despite various technical enrichments on principal component analysis, the toolkit
originally used.*® Unfortunately, progress remains painfully slow if judged by the usefulness
of model-generated leading indicators in macro forecasting. The statistical learning paradigm
cautions us of a formulation problem. Since macro forecasting is the goal of indicator
construction, the goal should be incorporated in the model formulation. Unsatisfactory
indicators produced by models without such incorporation should be seen as signs of a model
formulation error for omitting supervised information. The second case is the formulation of

18 Transductive inference is pioneered by Vapnik during the mid-1970s; it embodies Vapnik’s principle — when
solving a given problem, one should try to avoid a more general problem as an intermediate step; for summary
reviews, see Gammerman et al (1998) and also Chapters 24 and 25 of Chapelle et al (2006).

19 For a comprehensive survey, see Marcellino (2006).
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a type of models commonly known as selection models in microeconometrics (also popularly
referred to as the tobit models in econometrics textbooks). What this model tries to deal with
Is exactly the semi-supervised learning situation, i.e. where only a limited number of labelled
examples is available. From the viewpoint of the ordinary regression model approach,
however, this data feature is conceived as a censored or truncated data problem and treated as
an estimation issue. On reflection, the primary underlying economic issue here is nothing but
one of transductive learning, be it habitual consumption or labour supply patterns of the
specific group with labelled examples. More detailed discussions on formulation issues of
these two cases are in Chapter 4.

Detrimental consequences of poorly conceived model formulations are too obvious to
stress. A quote from “Deconstructing Statistical Questions” by D. Hand (1994) suffices.
Model formulation is ‘a higher level issue’ than that of ‘application of statistical tools to
identify structure and patterns in data’, because it ‘determines what the questions are in the
first place and which tools should be used’ (p317). Correspondingly, formulation errors are
referred to as type III errors among the statisticians’ community, i.e. errors of seeking right
answers to wrongly formulated research questions.

In fact, extensive studies of the ‘higher level issue’ can be found in the Al research,
usually under the headings of ‘knowledge representation’ and ‘machine reasoning’, e.g. see
Russell and Norvig (2016, Part I11). The studies delve deep into the question of how human
knowledge can be translated into computable media faithfully and efficiently to facilitate
machine learning. Additional to reversibility and parsimony, two other characteristics are
noted to be most fundamental in knowledge representation: ontological commitments and
epistemological commitments (Chapter 8, ibid). Essentially, any knowledge representation
conveys a set of ontological commitments, i.e. postulated natures of reality. While the set
anchors the perspective and framing of the research, its choice does not involve data
structures. From the epistemic angle, on the other hand, any representation comprises a set of
inferences theorising reality in a fragmentary way. This is referred to as ‘a fragmentary
theory of intelligent reasoning’ by Davis et al (1993). The choice of the inference set is
intimately related to how the representation is to be engineered computationally. Here, a
probabilistic causal reasoning approach is reckoned as a natural response to the inevitable
uncertainty implied in the fragmentary attribute. But it is not the only approach, and this is
evident from the distribution-free framework of PAC learnability. While uncertainty is
explicitly accounted for in the very notion of PAC learning, theorems of generalisation gear
machine learning systematically away from making any prior assumptions about the
underlying distribution of data or variables in the hypothetical model classes. The framework
accords with and is reflective of the ontological commitments of Al knowledge
representation. Adoption of this framework into econometrics will challenge the fundamental
position of the probability approach. What functions has the approach played in econometrics
and how its role should be revised in light of the learnability theory? A close examination of
these questions is the task of the next chapter.
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3. Basic Functions of Probability in Econometrics

Conceptualisation of all observable economic variables as jointly distributed random
variables lies at the very foundation of Haavelmo’s promotion for the probability approach.
This cognition, however, is predicated on an implicit assumption: The underlying economic
milieu of the variables concerned be closed, adequately simple to resemble the experimental
setting of classical statistics. This is a critical assumption in econometrics, since systematic
adaption of statistical inference methods would have been impossible without a communal
consent to Haavelmo’s vision.

‘Unrealistic assumptions are OK; unrealistic critical assumptions are not OK’, states in
Rodrik’s ‘Ten Commandments for Economists’ (2015, p.116). The above assumption is
clearly far from realistic in general, but is it realistic enough for econometric research
purposes? It is already argued in Chapter 1 that practical usefulness of probabilistic notions
for uncertainty representation is rather limited. They are not useful in analysing variables
without any predetermined modelling tasks. It is further argued in Chapter 2 that, as far as
those purposes are concerned, uncertainty in model formulation in an open world setting is
too great to sustain the a priori algebraically deductive route, and that the formulation should
therefore be tackled as a learning issue following the machine learning approach. The
approach bypasses the above assumption, effectively suggesting it premature to treat
empirical modelling tasks as statistical inference ones before relatively credible models are
learnt. To assess and ensure the feasibility and necessity of the machine learning approach,
this chapter delves into the fundamental issue of how probabilistic notions have functioned
and should better function in econometric research.

Section 3.1 starts the discussion by assessing the successes and failures of econometric
modelling research into joint, marginal and conditional distribution-based types of models
guided by the factorisation principle of the basic chain rule of probability. The assessment
reveals clearly a lack of empirical support for the factorisation principle. Since conditional
models remain virtually the only empirically viable type, section 3.2 reflects on how
conditional models are generally formulated. It transpires from the reflection that theoretical
derivation of causal relations, which form the core of those conditional models, is largely
probability free. Probability is invoked only after the derivation, when random shocks or
error terms are appended to those relations. In other words, those conditional models are by
nature discriminative, rather than generative, by the classification of machine learning.
Section 3.3 maintains, by resorting to knowledge representation theories in Al, that economic
theories are innately derived from logical reasoning instead of probabilistic reasoning. Hence,
conditional econometric model research concords with the distribution-free stance in machine
learning. Because of the unignorable and uncertain gap between logic-based relations and
reality, it is indispensable to synthesise formalised prior knowledge and data examples via
inductive learning. It is during the learning process that probability comes in. It plays
primarily a discriminative role — assisting decision making during model selection.
Acknowledgement of this role will undoubtedly demand a major shift of position in
econometrics, away from the currently statistical inference centred position. However, the
shift is imperative in view of widespread inefficiency in econometric practice, in noticeably
sharp contrast with the rapid achievements in other applied fields through utilising Al and
machine learning methods.
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3.1 Stochastic Model Characterisation of Observable Variables as Target Variables

The question under scrutiny in this section is how the assumed stochastic characterisation
of all observable economic variables has fared in econometric practice, particularly with
respect to whether the characterisation is adequately realistic. Since the characterisation is
obviously an oversimplistic representation of the uncertain features of economic variables,
and since the range of those features is much wider than what is considered in econometric
practice, as already pointed out in Chapter 1, the scrutiny is restricted on variables which are
set as modelling targets. Furthermore, the question of whether the characterisation is realistic
enough for the modelling task is approached through assessment of how empirically fruitful
the characterisation is in shaping broad research strategies and directions of econometrics.

One of the most basic rules of probability theory is the chain rule — any joint distribution
of random variables can be factorised into products of conditional and marginal distributions.
For instance:

(3.1.1) P(x,y) = P(y|x)P(x) = P(x|y)P(y).

In the context of modelling targets as jointly distributed random variables, (3.1.1) implies that
we should be able to model them either jointly, or at their factorised level, and that factor
decomposition makes the second route look more scientifically fundamental than the first. To
a great extent, econometrics has evolved around these implications. The groundwork built on
SEMs in macroeconometrics is sustained by the conviction of the primacy of modelling
variables with direct reflection of the joint-distribution character.?’ The legacy of this
groundwork is best capsuled by the notion of ‘endogeneity bias’, thanks to Haavelmo’s
derivation of the OLS bias in the context of a bivariate static SEM. The conviction is so
prevalent that academic concern over endogeneity bias ranks top when models fall into the
conditional type. This is particularly noticeable in microeconometrics. The concern de facto
acknowledges the incompleteness of conditional models in capturing the assumed underlying
joint distribution. On the other hand, macroeconometrics has largely evolved along the
factorisation route since the mid-1970s in the wake of the 1973 oil crisis. This is evident from
the active pursuit of data generation processes (DGP) of modelled variables, particularly from
the classification of variables by their individual stochastic time-series features, and also the
ensuing widespread acceptance of the fundamental role of such classification prior to model
dynamic specification choices.

In contrast to impressive technical advances, empirical gains have remained meagre.
Applied endeavours are generally abortive when the assumed underlying distributions of the
target variables are either joint or marginal. Comparatively satisfactory results are achievable
only from models where the assumed underlying distributions are apparently of the
conditional type. Econometrics appears to be stuck in the impasse of ‘incomplete’ conditional
models if judged by empirical success.

Let us look into this impasse using models using time-series data. Consider first the type
of models based on the marginal distribution assumption, as they should be the most
elementary from the factorisation perspective. This model type is popularly used in
characterising macro variables, especially their temporal persistence observable from time-

20 For a historical account, e.g. see Qin (1993).
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series data. An established way of categorisation of the persistence is (weak) stationarity,
defined in terms of the sample-size invariance of the first two moments of the variable under
concern. This property is commonly examined via the characteristic roots of autoregressive
(AR) models. Take the simplest 1%-order AR for example:

(3.1.2) Ye = PYe-1 T Uy,

where y, is referred to as stationary if the estimated parameter |p| < 1, and as nonstationary
with a unit root if p = 1. The theory of cointegration analysis is predicated on the presence of
unit roots. Evidence of unit-root presence has been reported widely in the literature. However,
the evidence seldom stands up for assessments of generalisation. Unit-root estimates are
highly sample and/or frequency dependent. Attempts to represent marginal distributions in
more general ways than the AR model type have resulted in various more complex univariate
models. Nevertheless, it is virtually impossible for these models to avert out-of-sample shifts
in estimated moments of single variables. Moreover, contrary to the practice in controlled
statistical experiments, where highly irregular observations are usually disregarded as
accidental outliers, ‘anomalous’ observations causing nonconstancy in the moments in
univariate econometric models often convey useful, if not important, information. They are
seen primarily as useful indications of regime shifts rather than accidental noises. In short,
what the model type like (3.1.2) serves us is a summary description of common dynamic
symptoms of economic time series. It exhibits outcome rather than the underlying data
generative mechanism per se. Here, economists’ explanation is simple: economic variables are
fundamentally interdependent. Empirical pursuits along the univariate modelling route are
susceptible to go conceptually astray.

Indeed in practice, unit-root check-ups are used predominantly as a preliminary step for
conditional modelling research. Take the popular autoregressive distributed-lag (ARDL)
model for example. Supposing that the following ARDL(1, 1) model is found to be
empirically adequate:

(3.1.3) Ve = aYr_q + Poxe + P1Xe—q + &

Note that |a| « 1 is a key prerequisite for the empirical adequacy of (3.1.3). But if (3.1.3) is
empirically adequate, (3.1.2) cannot be so at the same time, because the latter must be underfit
due to omission of x; and x,_;, and p is bound to suffer from omitted variable bias (OVB).
Specifically, the bias is an upward one if p = 1 is estimated from (3.1.2). According to the chain
rule, x, should obviously be the target of the marginal model to pair with (3.1.3). Hence, the
view of y, being fundamentally driven by a unit-root DGP is cognitively flawed. In practice,
however, a marginal univariate model of x; is neither necessary nor plausible in general. From
the viewpoint of modelling y,, there is no need to learn about the distribution of x;. From the
viewpoint modelling x;, the marginal modelling route is clearly inadequate, as pointed out
above. Modelling strategies guided by the factorisation rule of (3.1.1) misfit economic reality.

Let us now take a look at empirical results following the joint distribution modelling route.
Currently, the most representative model type of this route is a vector auto-regressive (VAR)
model, seen commonly as a dynamic extension of SEMs. However, any empirically
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operational multi-equation models are innately of the conditional type.?! The target variable
set of a VAR model is conditioned upon all the lagged variables. Let us review the practical
performance of VARs through a simple VAR, which is extended from (3.1.3):

YVt a11 A2\ (Vi-1 €1t . (€1t 0 of 01

(3.1.4) (xt) = (a21 azz) (xt_l) + (82t)’ assuming: (82t) ~IIN I(O) <021 o7 )l
Preference of (3.1.4) over (3.1.3) in the macro profession reflects a strong faith in the
symmetric factorisation, i.e. P(y|x) or P(x|y) in (3.1.1). However, maintenance of
simultaneity in VAR models is but skin-deep. Choices of variables to be included in VARs
are made in accordance to particular modelling purposes, which imply inevitably certain
directionally causal concerns. For example, in a four-variable VAR model of GDP, inflation,
unemployment and interest rate, the variable choice is biased towards explaining the real
economy in that the model does not give interest rate as equal causal focus as GDP.
Consequently, individual equations within a VAR never yield similar or comparable levels of
statistical performance. When estimated VARs are used for impulse response analysis,
imposition of specific sequential variable orders is required to initiate the analysis. The
imposition violates the apparent simultaneity of VARs. Moreover, VARs like (3.1.4) are not
considered generally as ‘structural’ models. Attempts to introduce ‘structural’ elements lead
to explicitly asymmetric VARSs, e.g. the following VAR with a simultaneous element:
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Finally, the lack of symmetry is also noticeable from two other facets. First, certain parameter
estimates are bound to be statistically insignificant in an assumed symmetrically structured
VAR, indicating redundancy of the corresponding input variables, and thus asymmetricity in
model structure; second, improvement of model fit is usually achievable by extending a close

VAR to an open VAR by introducing additional control variables, which effectively switch
the model basis from the joint to the conditional distribution.

In sum, any postulated statistically operational models have to be causally asymmetric,
e.g. see Cox (1992). Indeed, what have prevailed in applied econometric research are models
of the conditional type, whether they are single-equation or multi-equation models, if
assessed by their practical relevance and statistical performativity. This poses a perplexity: If
joint distribution is the most basic representation of the fundamentally stochastic mechanism
of an economic issue of concern, why are empirically viable models predominantly of the
conditional type? In fact, it is in the context of a conditional model that Haavelmo first
introduces probability distribution formally. The introduction effectively extends (2.1.1) by a
randomly distributed error term, s, ‘a random variable having a certain probability
distribution’ (Haavelmo, 1944, p51):2?

(3.1.6) Y = hy(xy, %5, , X5 k) + 5.

2! Note that any estimable SEMs have to satisfy conditions of identifiability. These conditions effectively turn
symmetric SEMs into asymmetric ones; for a historical account of the debates over simultaneity and
conditioning during the formalisation of econometrics, see e.g. Qin (1993, Chs 4 & 6).

22 In order to keep notations consistent across different chapters in the present monograph, Haavelmo’s original
notation (see equation (11.2) in Ch3 of his monograph) has been modified here.
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Nowadays, (3.1.6) is the workhorse of applied econometrics, where the key role of s is to
enable and justify the use of confidence interval based statistical estimates for k. Definition
of all variables as randomly distributed ones is merely a formality. Interestingly, Haavelmo
has not further extended probabilistic characterisation to the variables either, after his
introduction of s. Instead, his attention is turned to what he sees as a fundamental important
issue: the method of splitting y between the systematic part, h,, and the residual part, s. He
devotes one section of his monograph on this issue (section 12).

It is already pointed out in Chapter 2 that the issue of splitting is essentially a PAC
learning one beyond the scope of classical statistics. From that perspective, we should be able
to incorporate (3.1.6) into the distribution-free approach of machine learning. This possibility
offers us an attractive way out of the perplexity raised earlier. But it also confronts us with
the following question: How indispensable is probabilistic reasoning in tackling the
modelling uncertainty in econometric practice? Or where does the indispensability exactly lie?

3.2 Role of Probability in Economic/Econometric Modelling

Let us first reflect on the economic modelling side. Specifically, how do economists
usually deal with uncertainty in their formulation of h,? At the outset, a great deal of
uncertainty is filtered out by the theoretical focus on the expected rational behaviour of
representative agents. Causal relations are deduced by rules of optimisation, e.g. utility/profit
maximation or cost/risk minimisation. The rules are deemed fundamental as they capture the
key economic motives of decision-making behaviour. Since none of the rules are stochastic,
mathematics used for the derivation of h, involves mainly calculus and constrained
optimisation apparatus. The assumption of ceteris paribus is used to cover up for the
partiality of the rules, as embodied by the limited set of input variables. It is only after the
derivation that stochastic uncertainty is considered. This is done by appending a priori
functionally fixed h, with a random error term, so that the resulting model becomes
equivalent with the targeted models in classical statistics. Haavelmo’s argument of the
variables in h, being stochastic is to solely justify the equivalence. Uncertainty in (3.1.6) is

only allowed from two outlets: estimates of x in h, and s, whose essential role is to

accommodate the estimation task. Hence, probabilistic reasoning plays virtually no role on
the economic modelling side.

Much of economists’ endeavours to narrow down the gap between theoretical models and
reality are concentrated on relaxing the idealistic setting of the expected rational behaviour of
representative agents. The relaxation effectively targets at identifying specific situations
where empirical verification of the optimisation rules is expected to become sharper than
without such identification.?® Accordingly, rule-based causal relations are deduced subject to
the specifics of situations under concern. These specifics occur mostly in two areas: dynamics
and demand-supply side interactions. Specifics concerning the interactions are usually
formalised as constraints on parameter ranges and signs. Although probabilistic notions of
variables are adopted normally as increasingly dynamically rich models are proposed,
derivations of the causal mechanism of interest remain fundamentally deterministic. Take
cointegration analysis for example. The theoretical interest is focused on static long-run

23 Gilboa et al (2014) categorise this type of reasoning as case-based reasoning as opposed to rule-based ones.
However, their categorisation fails to acknowledge that choices of those cases are still rule based at the outset.
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equilibrium solutions. The solutions can be adequately presented by differential/difference
equations whose orders are conditioned upon hypothesised trajectories of target variables
within the realm of mathematical system theory. In general, the resulting dynamic relations
are produced without much concern over stochastic factors.

A case where stochastic factors find an explicit way into theoretical model formulation is
the dynamic stochastic general equilibrium (DSGE) model.?* Arguably, DSGE models are
the most theory-rich type of multi-equation models in macroeconomic practice. The hallmark
of DSGE models is the adoption of microeconomic notions of optimisation behaviours of
rational agents for originally macro structural relations. In terms of individual equation
formulation, the commonly accepted form is a linear (log-linear) function, as approximation
of certain Euler equations resulting from rule-based optimisation. The idea of target variables
being generated stochastically is then realised through the addition of exogeneous shock
variables. They are named after the economic types of relations, such as ‘demand shocks’,
‘mark-up shocks’ illustrated in Figure 3.1. Such a structural veneer plus the latent status of
these shocks enables modellers to experiment with various dynamic formations of the shocks
to narrow the gap between target variables and those microeconomic rule-based relations.
The formations are generally assumed to follow certain AR processes. For example, an AR(1)
can be assumed of a supply-side mark-up shock variable explaining m in Figure 3.1:

(3.2.1) St = PSpt—1 + &ty 0<p <1

where ¢,; is a computer simulated white-noise error term. It should be noted that the use of
latent shock variables makes target variables live up to their stochastic label, making the core,
a priori functionally fixed relations apparently equivalent to models in classical statistics.

Figure 3.1 Basic Structure of DSGE models

Demand Mark-up
shocks shocks
o
_;-'-""H_FP -"‘“-\—‘
Y=Fyes i-x=..) —_— m=Tm=Y,...)
Demand Productivity Supply

shocks

I=flr—r%Y..) | # Policy
Monetary policy | +—— shocks

Source: Shordone et al (2010)

From the standpoint of multi-equation models, DSGE models can be written as restricted
VARs, though their parametric structure is more complexed than that of VAR models.
Similar to VARs, DSGE models are mainly used for policy analyses by means of impulse

24 DSGE models are well described and surveyed in the literature. A good coverage of their conceptualisation
can be found from Canova (2009), Sbordone et al (2010), Fernandez-Villaverde et al (2016), Christiano et al
(2018).
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response analysis. Nevertheless, complexity of the parametric structure makes statistical
estimation virtually infeasible, especially for those DSGE models disaggregated at relatively
high levels. Hence, calibration of parameters is commonly used. A key criterion for
calibration is to match the predicted ‘macro moments’ of target variables to those observed in
macro data as closely as possible. The criterion is often termed as identification of ‘macro
moments’ in short, cf. Nakamura and Steinsson (2018). These moments are usually estimated
by univariate time-series marginal models discussed in Section 3.1, such as (3.1.2) for Y in
Figure 3.1.

Unfortunately, the way that probabilistic notions are used in DSGE models is does not
stand up for scrutiny. There are at least two discernible conceptual flaws: ungeneralisable
estimates of macro moments and over-restrictive dynamics due to the imposed shock
structure. The first flaw is already explained in the last section, i.e. how mis-specified
univariate AR models are in general. Consequently, parameter calibration based on estimates
from such a model type cannot be optimal, as judged by the criterion of ERM. As for the
second flaw, the assumed AR processes of shock variables are not innocuous for the dynamic
structure of DSGE models. Historically, the assumption goes back to the Cochrane-Orcutt
procedure (see Section 5.1 for a more detailed demonstration). The procedure offers an
expedient way to tackle residual autocorrelation, a symptom widely found from dynamically
inadequately formulated relations. However, the procedure is found to impose a common
factor restriction on the dynamics of the original relation, and the restriction is often rejected
by data.? In a DSGE model, common factor restrictions can lead to substantial bias in its
long-run equilibrium solutions. The dynamics of rule-based relations are commonly derived
under the adaptive expectation assumption, which corresponds to a partial adjustment model
where lagged effects of driving variables are omitted. The omission is frequently shown to be
data incongruent, whereas the incongruence can be glossed over by the added shock variables.
These defects help explain why increased model sizes in DSGE models, accompanied by the
enlarged data information usage, have not resulted in clearcut precision gains in model
prediction performance, as compared to VAR models, e.g. see Girkaynak et al (2013).

After all, DSGE models remain conceptually faithful to (3.1.6) as far as individual
equation formulation is concerned. All the micro-theory-based relations are of the conditional
type. Structural attribution of latent shock variables does not alter the appendant nature of
probabilistic reasoning. Observable marginal models serve only for macro descriptive
purposes. Haavelmo’s vision of economic variables being fundamentally randomly generated
remains a loose analogy.

Will the vision come true if economists can carry out empirical studies under certain
controlled experiments akin to the required setting of classical statistics? This question brings
us to the case of programme evaluation models (PEMs). PEMs are built for the purpose of
evaluating the average treatment effect of policy programmes. A key prerequisite of the
evaluation is to design and collect data from randomised control trials (RCTs). Controlled
randomisation is what classical statistical inference predicated on to ensure sample data

25 For textbook exposition of the model type evolved from the Cochrane-Orcutt procedure, see e.g. Hendry
(1995, Ch7); for a historical account, see Qin (2003, Chs 4 & 7). What should be noted here is the fact that the
common factor restriction not only imposes identical short-run and long-run parameters, but also maintains the
long-run equilibrium parameters being the same as what is dynamically postulated a priori.
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having tractable distributions. However, no matter how meticulously RCTs are designed,
uncertainty in PEM formulation remains a non-ignorable issue.?®

Denoting the policy programme under concern by T, we can write a PEM as:
(3.2.2) y=aTl + f,(z1,25,,Zm; B) + €

where a represents the average treatment effect, the key parameter of interest of PEMs, {zj}

is a set of other control variables, some of which are likely to be correlated with T. What
RCTs try to achieve is to make E(y|T) tractable through sample selection. But f,(-) is
unknown and still needs to be learnt empirically, since its a priori uncertainty is beyond the
controls. Obviously, estimates of a are predicated on the result of this learning process.
Hence, (3.2.2) can only be regarded as a hypothesis class. Moreover, the task of learning the
best possible approximation of £,(-) is a distribution-free one as it does not require prior
knowledge of P;(z). PEM research under RCTs still cannot fully materialise Haavelmo’s

vision.

In machine learning textbooks, the approach of empirically resolving the decision issue of
splitting y in (2.1.2) by filtering out ¢ is referred to as a discriminative approach, as opposed
to the generative approach. It is only under the latter that parametric density estimation is the
focal learning task, e.g. see Jebara (2004) and also Shalev-Shwartz and Ben-David (2014,
Ch24). Clearly, classical statistics follows the generative approach. It starts inference from a
priori known probabilistic models. By taking those models as maintained hypotheses, it
becomes justifiable to impose certain ideal noise distributions, such as zero-mean normal
distribution, on the residuals. In the case where maintainable models are a priori unknown,
the immediate learning task becomes searching for model approximations. When the search
is fruitful, say by following the setup of Figure 2.2 in Chapter 2, the resulting hy = f leads to
the distribution of € approaching to the normal distribution of random noises. This makes the
setting of hqy apparently compatible to a conditional probabilistic model, even though the
learning of h;, is executed in a distribution-free manner.?’ In other words, statistically learnt
models can be isomorphous to stochastic models representing expected conditional
distributions.

3.3 Discriminative Probability in Synthesis of Logical Reasoning and PAC Learning

How should we proceed with econometric research if probabilistic reasoning falls short of
representing and tackling major uncertain factors in economics? Promising answers can be
found from Al researches. In particular, there have been rich Al studies on the issue of formal
representation of uncertainty in an introspective manner, with careful codification of
information types and characteristics, as well as differentiation of various learning tasks, e.g.
see Dubois and Prade (2009), Costa et al (2018), also Russell and Norvig (2016, Part I11). It
transpires that many, if not most, of the cognitive tasks we face in an open and theoryless
environment are not directly translatable into probabilistic models. The intelligent reasoning
that we usually employ for decision making falls predominantly into the type of modal
propositional logic. Knowledge based on this type of logic is epistemically fragmentary in an

26 For textbook exposition, see e.g. Camero and Trivedi (2005, Chs 25-26); see Deaton and Cartwright (2018)
for a critical review of RCTSs.

27 Remarkably, the distribution-free approach is effectively what H. Wold vehemently advocated nearly half a
century ago under the label of a ‘soft modelling” approach (1975, 1980).

28



open world. However, it is a cognitive pitfall to confuse our logical reasoning with
probabilistic reasoning, because of the fragmentary nature of the former. In the case of
conditional model representation, the target variables involved are in fact uncertain epistemic
variables rather than simply statistically random ones. The corresponding modelling tasks are
referred to as learning based on ‘genuine’ conditioning in Dubois and Prade (2009, Section 6),
so that they can be differentiated from tasks based on probabilistic conditioning, such as
Bayesian inverse probability reasoning.

From the Al perspective, economists cope with uncertainty representation mainly by the
tenets of utility theory, or economic rationality, cf. Doyle (1992). Since economic reasoning
falls fundamentally into the modal propositional logic type, its formal representation can be
based upon calculus. Causal relations, such as h, of (3.1.6), are thus formulated without
resorting to probability distributions. In other words, the ontological commitment of h,
determines that this conditional relation is not of the generative model type. Correspondingly,
the learning goal of (3.1.6) does not fit with that of classical statistics. Noticeably, the Al
perspective is affirmative of the scepticism about using notions of probability in uncertainty
representation among the history and methodology of economics communities, as mentioned
at the beginning of Chapter 1.

It is already argued at length in the previous chapters that, in an open and theoryless
environment, the gap between h,, and models targeted by classical statistics is too wide to
ignore, and that construction of data-congruent models is a learning issue. To facilitate this
learning task, reorientation of research strategies is required from both the economic and the
econometric sides. Conventionally, economists are expected to produce a priori
parametrically interpretable models implicitly relied on their inductive logical reasoning
power. Successes and advances of Al-guided machine learning calls for a critical review of
this process. Various Al approaches of knowledge representation should be carefully studied
and adapted, such as knowledge based inductive learning and inductive logic programming
(ILP) system, e.g. see Russell and Norvig (2016, Ch19). These approaches are developed
with the aim of making common-sense knowledge representation better suited for machine
learning.?® They are also expected to facilitate knowledge transfer and enhancement ‘from
machine learning to machine reasoning’ (Bottou, 2013).

The core of Al knowledge representations is logical formulation. Logically quantified
relational rules are expressive, interpretable, and also easy to concatenate and transfer
between systems. But those rules suffer from brittleness in a theoryless and complex world,
due mainly to their implied global existence or generality over ill-specified or unspecified
situations, e.g. see Valiant (2013, Ch7). In other words, ‘mathematical logic is an attractive
language of description because it has clear semantics and sound proof procedures. However,
as a basis for large programmed systems it leads to brittleness because, in practice, consistent
usage of the various predicate names throughout a system cannot be guaranteed’ (Valiant
2000, p231). Learning from noisy data is a key to resolving the problem. By evaluating and
selecting relational rules against data examples, the learning process can robustify logical
reasoning against context-specific situation requirements, e.g. see Valiant (2000, 2008). To a

28 |t is interesting to quote T. Sargent here, ‘Economics is organized common sense’, the graduation address at
UC Berkeley in 2007.
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great extent, this promotion of ‘knowledge infusion’, i.e. synthesising logical reasoning and
inductive learning, highlights and reinforces the gist of SRM (see section 2.3 of Chapter 2).

It is during the learning process that probability plays a fundamental role — controlling
inductive risks in a discriminative manner, as explicitly specified via two parameters of PAC
learning theorems: 6 and € (see Chapter 2). These probabilistic measures enable practitioners
to guard against unguaranteed generality of logical rules while containing inductive errors of
empirical learning via experiments to try and optimise the bias-complexity tradeoff. This
learning process is labelled as ‘the diagnostic paradigm’ in Seeger (2006). It is towards this
paradigm that the probability approach of econometrics needs to reorient its direction. The
need for directional reforms is not just a purely methodological matter. It is arguably the only
way to systematically rectify widely discernible inefficiency in applied econometric research.
Let us extend this point by taking a brief review of the inefficiency in microeconometric and
macroeconometric practices.

Model underfit is pervasive in microeconometric practice, and its severity is on the rise as
data samples grow rapidly. The situation reflects lucidly how brittle logical reasoning based
microeconomic theories are in an open and complex world. In terms of model specification,
the following complications are widely recognised: heterogeneous behaviour of micro agents,
unignorable causal factors which are omitted in theoretical relations, uncertain interactions
among input variables, and also possible nonlinear effects concerning the input variables of
causal interest. Since these complications are essentially issues of function estimation, it is no
wonder that parametric-centred estimation techniques taught in microeconometrics textbooks
have rather limited capacity in tackling them. Unsurprisingly, models which are empirically
trained by machine learning methods can easily outperform those by conventional
econometric methods, e.g. see Bajari et al (2015). After all, systematic underfit indicates
systematically formulated oversimplistic models. In dealing with the problem, machine
learning methods advocate for explicit consideration of flexible function approximations. For
convex learning tasks, a leading hypothetical model class is the generalised additive model
(GAM), cf Hastie et al (2009, Chs 5 and 9).2° For example, a two causal variable GAM can
be written as:

B3l)y=a+f; [Z?=1 b1j(x1:x2)] + f2[2?=1 sz(xl,xz)] + et fp[ ?:1 bpj(lexz)] +¢€

where fi[ ?:1 bl-j(xl,xz)] (each f; may differ from others in terms of its components) is a
linear function in basis representations, denoted as b;;(x;, x,). These input representations
can be the observed variables themselves, their polynomial terms, their ratio and/or product,
or certain kernel functions. Design of these representations is commonly referred to as feature
design. Feature design is vitally important for theory verification. In order to keep parametric
interpretability at the individual input level and also ensure generalisability, careful
formulation of all relevant causal rules based on prior knowledge is required during the
design. In particular, the formulation should aim at disentangling observed inputs into
separate factors of variation. Meanwhile, separately formulated f; facilitates differentiated
representations by strata, and is achievable empirically by means of various decision tree-
based classification techniques, which are referred to as semi-parametric techniques in

29 GAM is not unknown in the econometric circle, e.g. see Cameron and Trivedi (2005, Ch9). Sadly, what is
amiss is due understanding and recognition of its statistical learning foundation.
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econometrics textbooks. Clearly, p, the number of f; to be learnt, is sensitive to feature design.
Inadequately designed features tend to result in rises in p when function learning is clearly a
complexed issuem under large data samples. Hence, the two tasks, tree-based classification
and basis function design, have to be carried out iteratively, allowing for a close interplay of
data and prior domain knowledge. Therefore, feature design issues are often discussed under
the broad topic of ‘feature learning’, cf. Shalev-Shwartz and Ben-David (2014, Ch25), and
studied in detail under ‘representation learning’ or ‘feature representation learning’, cf.
Goodfellow et al (2016). It is only by approaching these learning tasks from the perspective
of PAC learning that model underfit can be systematically circumvented.

In macroeconometric practice, a telling case is long-run equilibrium analysis. There are
two approaches to the analysis: cointegration analysis and the LSE general-to-specific
dynamic specification approach. The former is mainstream and estimation centred whereas
the latter akin very much to the spirit of machine learning. Abundant empirical findings show
that models by the latter approach are more generalisable and accurate than those by the
former. Despite its mathematical elegance, cointegration analysis appears innately susceptible
to underfit or overfit in practice. Now, the machine learning perspective offers us a clear
explanation to the contrast. Let us start from an error-correction model (ECM), the model
class from which cointegration analysis stems originally.*°

Suppose (3.1.3), an ARDL(1,1) model, is found data-congruent. To make it economically
interpretable, we transform it into a simple bivariate ECM:
(3.3.2) By, = Bohxe + (@ = 1) |y - %x]t e (@-1)<0

1—

— BotB1

1-a

= BolAx; +y[y — kx]e—q + &, K

where f3, represents the effect of short-run shock in x;, x represents the effect of the long-run
equilibrium relation, y = kx, and y (y = (@ — 1) < 0) a negative feedback coefficient of the
error-correction mechanism around the deviations [y — kx];_,. Input transformation from
(3.1.3) into long-run versus short-run features clearly makes (3.3.2) parametrically much
more expressive than (3.1.3), because (3.3.2) disentangles as much as possible separate
factors of variation in observed data. When it comes to long-run equilibrium analysis, two
points are worth noting. First, x, being a function of all the parameters of (3.1.3), is
predicated on the lag-length search of a general ARDL(p,, p,). Any estimate of x based on a
priori imposed lag lengths can compromise its accuracy. Second, when there are more than
one causal variable, disentangle long-run effects of individual causal variables is often
difficult to achieve by statistical estimation alone, calibration experiments are thus needed.
The experiments involve monitoring estimates of y as well as parameters of relevant short-run
features.

Contegration analysis, on the other hand, is narrowly focused on deducing statistically
optimal estimators for k. It relies implicitly on the assumption of a priori known dynamic
models. Explicitly, it assumes that the variables involved are all generically non-stationary,

30 For a brief account of how cointegration analysis has emerged from empirical ECM research and the related
LSE dynamic specification approach, see Qin (2013, Ch4); for more introduction to the LSE approach, see
Gilbert (1986).
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i.e. unit-root processes. The Engle-Granger two-step procedure derives its popularity from the
proof that the OLS of k from a static regression:

(3.3.3) Ve =kxi +er, = e =y —kxli—

IS a consistent estimator of k. A more elaborate estimator for k, provided in the Johansen
procedure, is based on VAR models such as (3.1.4). Both procedures impose homogeneity of
the lag structure on the assumed individual nonstationary processes. The imposition cannot
be tenable in general since the underlying marginal and joint modelling routes are empirically
unreliable, as already discussed in section 3.1. Static models are widely known to underfit
data whereas VARs overfit with respect to finite macroeconomic time-series samples.
Consequently, estimated x based on these models usually fall short of optimal extraction of data
information. In contrast, the LSE approach gains its advantage not only from the fact that
(3.3.2) following the conditional modelling strategy, but also from its model reduction
principles, cf. Hendry (1995, Ch9). Specifically, ARDL(p,,p,,:,p,) models and their
transformation into ECMs are not dependant on the unit-root assumption of individual
variables, nor on them having identical lag lengths. Since the general-to-specific reduction
strategy aims at selection of parsimonious ECMs which best capture the dynamic features of
specific data samples, systematic model underfit or overfit has been basically ruled out. It is
thus not surprising that the resulting estimated x outperform those by cointegration analysis.

The LSE approach is widely known for its promotion of model selection diagnostic tests
and procedures. Despite its DGP-advocating veneer, the approach shares many key features
with the discriminative modelling approach in machine learning. In regard with the empirical
achievements of the LSE approach as well as predominant absence of generically
probabilistic-rule-based economic models, it is imperative for us to shed the illusive
conception of an economy comprising fundamentally jointly distributed variables and to
pursue explicitly a distribution-free modelling methodology. Correspondingly, probability
should be duly recognised as primarily a discriminative measure — assisting decision making
during model selection, rather than used as a rhetoric for endorsing directly performing
classical statistical inferences on any a priori formulated models.
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1. PSEEEFFRIIR B R
1.1 5|F

MR B 45 2 BRI FRR RIS ZE AL, JE T MRS B S8t HEWT 7722 sE LG
WERI D ETFB, XRG4 R S IR IR T AL RN Z RN RECE S AECL R =
MZMFeHr B GERFEEE —T) . B, @FHERRNLRuEhkR, =EHMR
REERRIF; Hik, K@UFEIL AL 0RE R EAMBTFBORSLI; Rih, KT ER
HiE B A G WAL AT ZRS A E M, FEHEEE eI NS, E2H
TABENERITCR AN, BENUEAE BT S SR MO A 0B B S8R 1 “Mr ™
MRS MG NN ST B R RGBS, HARHL, ma4E/R
SO SR AR A=A s B R UL S . B ST AT O, LAt
JREMIEHIT. . /N,

HLESRY, ERYEREN RN R, G525 MR F A2 15 7 78 20 Mk B s
W AN B PR R R REOR AR BES E, RAEMIISER 1921 FRERMHAT: Yl
B (.M. Keynes) 1 (MEZR R E18) FIZSERE (F.H. Knight) B RS ANE E 14 5 H]
Y o FEFREESA —: K, RREFIOIAHEM, AR L E s 7T 7855 7
), Ho, SR LTFEICE S A E T, XA SRR AR RS i
BE. SR, EELCK, BARE MRS 2 RRMERTHE AR, (HR2TTHSTER]
BRI T2 5F 2 A s LTS, REEEATFF TR A g2 /b oaE. BT
fHAR (Tinbergen) G 72 W TH B AR R AIE 52— 1a] tHE 5t 52 2 BB o A 234 7 2% (17 7% B i ¢
2, HEURERXN At AR BRI S H BT, S5 B E NSO SE 52
W — AN AR 5L, H T RARS 4R R S ME R0 ORI R R o TIN5 KB4
TR SEbRTR R, Gt TRM T2 N RALELAT, T2l i 5 1) i
VLA R B AR TC 5 .

TR, WBYERVONETT = AR AL T — D arde a4 (WIRZESE 10 0):
TRIG P ES AR R S I 45 e 1, T ELAR R 58 RE RS L ST SEERF TR 7R B8, X — AT
REMHM LT AR BEFE ST EXAI R R, el asr B ERE
K RE S 2 RRENFIS Rl TEF RS2 /. Ait, 458 LA BRI 1) S,
MY RBE S “EBEEMNMUELRE, 212K (10 ). XY TIAR 7@K
RPN ERE, FIEMRIS AR, XMERE, FEFEH AR
AR S, BAMERGITIERB AN ERE. W8, JLHSERiEE N A K=
SEEREE R, el I ER A ALE E CVE R R S SHEF R TR, s
A 2 IR S RN R T VR R AT AN RE TR T AN e . S0k, T LR 50 N B R4
T okul, Mg /R B RN 2 REC R e, @2 W Eichenbaum (1995). sk I,
BRI B8 ABE AN S T 2 R N AR AR 9 TE AT R ST AT, X AP E R AT

LA X 7 TR S N FESE )18 7T 2 I, Bateman (1990).  Davidson (1991).  McCann (1994) LA & Cambridge
Journal of Economics 2021 N2 S UB I ZSRF L& AAE &4 25 45 555 5 1.

2 YL A U2 DU T AR 1939 2R R (R A HIEIS AR M BiFR R ERR . Hendry
and Morgan (1995) Hr ISR /NE sy “TAARZ F7 BEFE 7 B SRR N R R L.

$ixH, Koopmans (1950) — CAMERITEAT24 25 1F T RERS I & SEE 70 5 L T 40E0T it . (HJ2, s
(1) 2% A 2 ABR AL 75 R AR A AR A B G K, AR B J5 — BT i (1A AR Y 78 2 PE IR SR AR A [
B AT MERAT IR TS, T3 I Bradley and Drechsler (2014). % MR SFAT NFIE, SHAHE
SEVERL T 2K
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Ry RS AT 22 5 A AU 5| 5 AT R ] 2% S A B AR % )RR 1 4, T
HABABrgC 25 7R i 7o 8 0 TR 2 2 B i LA 1 S 8.

MR 2 MR, R ZREA R I TR BRI 5 2 5 AN R
[, Z . Hempel (1965). fEVEIREAKRIA TR, FB 2 i) 78 7 1t 2 R SE 2
TSR SCIU . MATHEE S H 2 22 5HEMIE MBI NES, B
A~ U RRUERE A R BRI, Bl i R B D BRAR SR SEEL R 38 IR T B e
YERTFBS. a2 il, SRR ERRNAFEN, FERTEEE LEHEREER
% RE R EAERE TR, IR AANA € U i B AL I A B JE Srshal i e R A BT BL
KIS T G BRI E PR AE AU AE, BT 0 ZERR P AT = By
FARAE B HE 5 BRI AN E R A b .

1.2 BALE SR BT WA T E

2T AR BRI FE AN E PR e 4R SRR T IR R e P 2 — . DA TSI NBE
AL EE 4 72 R B R AR DN BE AN e 1, JF HAEBZ R S i I A B2k, fhoxt 2%
B ARGy ATINAR R, SRR, HRARE. IR, MRS SR AT AR
WA R AN E T SRR TTIERI R, BATHRERIL, A& 2R sogp AU LA
TR AL WBEH R EM S E IR S, AADHE T, HFAZEHABRS
HEWT T BORA R IR AL B Y. B A AL & P K AN VE AT BER D7 08 R iR A2
BN RENURFE R0 205, X — RS R LS BE 2 1R

BT SF AR BAT. BLal el 7y, KRZ B2 5F 2RI E CEE M
TR, N H2 . R FHE R S5, TEENEN A EE T
FXTDHL W RO RESESE. AL, QBT ICIE N A AR AR R
REEMI) M. MEHE/REAE) PR R BRI A RO “ SR o HIEZ G4
TR T, AR E R — W RS R DO . DR Z T
ZW A E AN B AP B (GNP). [ A E (GDP), MW A K EEk
ANEWN L REUWN . BRI ATSCERON SRS TR Z T B AN
W [ E N S AR E NG S o RS MR IR R AR B U BE N B 2. MR
HF, ZMEAHEREMHEIEEL FE s~ R aE. SO Ok Et. &
R BCRE NG SRR, WO B AR R e ks . BB IL R AR
B LU R Te R, 573 i oA M LR Rl oA S A e
FHIMRE S WINTHZ S, OB t LI N B BE R 5, ol s Bk B
T B, ok B i aEEL S M. RS, mRINELAES
AN ML B A LA GeT- A 48 be 2 18] A B AL 1] B LURIN R 2 AR sE EVE R, i
L 2R S T HE W 0 M5 SRV

bR b, R E AR AR K— &R 2 B A E M AE T A A N . X
TR MR R T BRI SRR . KGRI SR, dRE
Wbl a T Inir) — P4, HBUG TR, SRt X E YU A2 K
Ao XA F T Gt BRI Bk 708 BB R BT K —F 4.
TR R bR SRS AR B AR AT R IR BT B RS R R 22l Y
HREMELEED , XKET AN RIEE—f8sm s, g niaA RS

SHREGEHRE T T @B e 2RiE, 72 W Qin (2013, Ch9); & TR UL R X4
Frit AR 8, AT 2 0L Rowley and Hamouda (1987) & Stanley (1998).
6 HRIX—E I IEIM RG] 2 L Stigum (2003, Part 111).
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SRWSAREES. B, ST —NEFPEWAKS, 5 RE A A E A
PG AR NS ORG BFaRs, KNP A = O 7RGt gty X
P~ GDP fabrii AR ER . BT WIS THEb RS SRR, XET
B R R TIR ST NI 8. 7R K2 HN T EA R A, HEERT R AR 4EIR 2 5
THERAAR, I L b AR T B SR B R DU AN HE M 2 e RS AN TE (1) o 3K 2 B R b}
TATFBCRM TR R vl, £5G AWK E TR R A G SR A RN T f#
DLSLA T — TS . MAIE AT R &, 8 R aeHE LR RN e bR K E 5.
AT DGR FE, o R B 0K 28 4R AR AE — 8 I RS AT BRI 8] Y 6] P PR T, T
AN TN B AR BTN S F) B S AR B R TE AT . BT BB A 3 S e e I e R R AR T Xt
P, HIURA TR 25 RS FANME L & RT3

IRAAEAT AAETE TR, A B AR B 1% 22 I LA i T 55 T 2 25 7 5% 1R AN e 1k
We ? AU AT 552 il AR SRR B A AS il () 1) R, 3t AR R T X g I . X
I SE R B AL A B, AUNEIRE, SUFFEHERA BN B DRk
ARG B BRI . VMR R B A . BRI IX —HES A & B &AL
MR, (HRAEANFBPIMSTERT, &S aE iR BN & Z &5 E R 7T
g s, BIERUAT S, AOEmEmi. 85 KREZFEZE, WRZE.
JEPE S SR RS, LRGN X R S A A AR, R TR AR R AR
AT it T 2 S BRI AR 22 R G B o TR AR A T I BB AN R 2RO (1)
P AN A% I FE R (hedonic price model (HPM)).

XA G 8 ORI AR SR U, e HH A0 AR A s P A B i v 2 [ A
HA—X—MXRR. X, & FHRELRZ SRR A RIS 48 br 5 i A
RIEZES, NEFEIRZ 812 58 RAZ AR ILE IR 2 KN B R E 52 b,
AR AT DA TSR BEA LR 22 B /Mb s 2l AN TR IE SR AR H bR ANid, BT822
HZATIMMAR, IR H bR — B0l i 7 S hr A2 75 5 A B AT TRAT A & T
ORISR ST SRAR,  FEFR TG0 S A2 X6 AR R b ) (1000 P A Y (1 s o ot
FEo MRS 2 BAFEETCAT R, HAEF N (TRRP RS 7 ] LLAZIE D A
ERER. WA, BRI TIER SRS A Foh A P AN € K 2= We 2 S ) Y
2 ARBATAE B T L — K38, BIERATHR BN B HIHT R A e 30T 5 504015 B
X BRI BRI AN 72 R R 2

MBS RBEFTE LB B BMAE, LRt s HipEE WxiEY). K
RS 2 HR IR LR IR B, Tl B LR AR R FR b ORI AL AR ), 3R
ATl S TR SR AR T T H A —2, A, X— A2 2 5l R #Hig 4 &
RSB REMMAT XA, EHEZsRMI e RS, B, Btadig—14
A G, SEEINEI R MARA ——X R R EAEMBRTSE, T
RIS R KT FOE IR IL RIS . MR, EIR R S 1B R 3L
WE, MWERNERIIMES, A I EEREA B 45 1) RS 0 B A 2 1) 45 1) R
AT Ao XM, AT LS M 7838 BT ik AR L 2 4 5 15 e B ANHf o
PRI R, SR 20T S F A RS Bl 55 (%) A B 2 AN 7 )

1.3 B HREA 5Lk

LA B 2 A\ 1451 45 (1 75 ot 255 SRR AIE PRI A PR TR (HPM) N T BRI FRA T
T+1 MEL(E = 0,1, -, T) BB FE A, BRANFEAEL S FE 28w b 50 72 a1
e o REBRERGEE xij (pilxipi=1mj=1,,]), MAFEAERL. NT
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A Izge (e = 1, K)RIETH Ty EIORA SR RS, 180T DLk X
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TP AR I A B, B (20, B MR, S AR FR
QUL SEBReR, N R R 0 R e SRRl ORI L
) M7 ) o RIS 8 2 0 L, 2 I AR 0 A 3 889 R 2 1
F25EH B AR LI AR IR, 35 . PR AR L3R A ] B2 7 o
URF KA AP T A I B0 0 72 s AR R 0 3 SR ] L R
HR T, PRI BERR AR AR (5 ) A2 L A AL U it — MR
AR 03 90 TR SR A S BB IRV L, R B R SBR R A T 52
(RSB, B ORI SRR 5, PIAR A SR A B G, 1742
55 AR S QT R . (BB PR REIO 2, 6 b3 E R A MO 5 R B 7
ST MRS MOGETHENT TR R A . 1T PR eI TR at+ M AT 2
A {25 0 7 T LR B AT B R R R A A

WA, HPM B RS IR I8 R B L B R R A K %
BN A TR . BUERFR G0 BT N S R, XA R A R BT A
MOREA R L. Rid, (EXSM AR AR, E 0T 33k 2 R R A 1 2
R A A T 1 B RIS R TR 0 2 AR 5 3025 5 5 T AR T £
i FEREA P AT B SEAASES, AP I IR HE A

ST BT S O B8 DAL A . OISR T 1SR S0 I8 KA R B 104
MR B R W~y o UK TR A B n B T RE R S
ilgjs i = 1o, mig = 1,0, 7). HRIAEREE (xig, -, i) LA HAR AT REFE T B AR
BRI AR, EAONE R . K R AT (L3.0) R
(1.3.2) Vi = Bo + f(xin, Zik; Br) + &
R 2y O = 1, K) FoRHET oy WRAEAS R, SRR OAT HPM —f. X
LR A, GRS P I X B R R AR B iy, 2 B Z I 55
BRrp, BT 2 LA BB B, ROk B RAPR R T
R G WIS A R R R, X BRI . — A4
ST OB R AT N 7T S, AT R AR R e 2 7 S P 1 R R i 2,
A s L PR Tk o AN, S o T TR A5 FE e OB A+ 4

7 Griliches (1961) — 32 A 1A HPM B ST 4RTE : A 5% HPM BEFLI SRR, 7] 2 W, Triplett (2004)
& Hill (2013).

8 AT AT 5 A (12 R W T AR AR o A 23 B W TR A PR R 5 A 0 % AT 788 85 S H T oK
(7, IRBIEATIANE LA FP 23 A AR g 32 2R 9 38 WS 2 AR T /0 T BOR R BRI SE R . R, X ELA
F BT RS A R T .
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B MRESHUNERITTEE, B RSN AR EO. Ak, X(1.3.2)%
HH ()25 Bz, B R U 2 A2 R, R RSB RIS A B in U o . 25 8RR
Br—NEAr, RMERIGEMRERXRB K, HEEREREEA REN S N,
T2 XU PR RIBE I BE Se T AR 4L B 3 10 0 1K 1 P o Je B0 38 — BB M PR OR GV E
SHASE T R R SEAR TS, TS U (E 2 B R B A A B e A L TE N TR
bE

TES T P REAR I 72 AT 7 b, T X B T RE IO % R, S U E AR
PR — T 52 VR 1) . AR SE I ZE T AR R R S R ER S — I B . AR
RITIA oRIK S, AR AR AR 2 @ A S S H SR 2 B, Wnidd T4 F
WHEE AR RS . A B [ B AR (vector autoregression (VAR)) M2 7 Wi B R i 7t
i WHIEEC. L R PR VAR R .

(1.3.3) Ye=Ag+ Tl Ao + X5 BiXeoj + &

XY, AR R RS, X, NHMERERFESE, AM B NSHFEHD,
5 B AR A RO B AR L, VAR BRI G EAFE SRS, RENE
£ WATATIE A R GETH A AT B R PR T o 3 BRI 3R A 32 B S PR AR N (A
A SRR PR AR B R DU 10 S S I . 25T BT RS E M sl AL,
HUAe T B0 ZN WX RMEVE A R . AT, I8 I A RS IE AR R (1 4502 TE AL
Ao X FZRBEHAFTE: X T VAR G AL RS0 T X AENER. o
T SIS AR VAR BRI — N5 38T, EAMURBIEARERFR, M
HEZ R & SR R RIS AU E. shATHERE S, 5EESHITXANS
B N ZHON KIS, e R R 22 5 BB R D OGS 5, e AT TR
fES VIR BT X ARMGEFE R, AR A A & FAR 2 e ki) b s
Rl e R o IXEEAEA T AR 2 AR S R I, H52 22 57 100N Bl A BE RIS ) LA %
T TN “Rhlrbdy” B AR 2 BB R kIR, XAk
LA R tp e YR AR T BAERR R, KIS AR
IR 32 AT ZAR TR S B AR

BRI AR R, AERR AT, S le PRSI A B R R ) 2 e v AN
ETE. Ik, ZIEES S B IR ALK P IRAMLIE I, 1y HA2 SEOUER R 4
THAERTR I8 1 BT IR . EEFEZIERZPDNIARKREN T (a) AL R L.
TSI F R (18 22 ARG AN, HAE S NG L S R AR B R 3 A,
R )8 AL LI BB AE A T S R (Y J8 T R5 e 2 AR ) S X o IR A S e i 1 )
I, BRATA REF A AN DRAX LE 38R - AL 1 S R B i S R R R B 2
WAER . (b) SR BRI WE LR A5 IR TRV 2 RERR DA 5 i A2 & R
BRFIEA %o AN Bex Rim AR & DS B A AR X AF BT, A1)
£ 2 Te [Pl AR A gk = Gt B AR AR AR B [ X LA SR M o X B2 SR T
B R AL IAT: 55 I P DE 8 e A2 B i b AR K — > E R . BRI, At
A, SIRAWEE SR B AR R ] AR SCE,  LASR AR N2 B A AR 7,
FEAC T E RS BN (M — g4 SIARMAT U P AR K, X ikt
2 S BRI — Bl A4k, FER A BT Bt S s A R U FE AU & 1)
PR G HEWTIN , A DO RARBIHERT “ SR MATENE. RA@iERAEt 4

® Sargent and Sims (1977) — 302 AWK VAR BALRWIN RSB T AL 2T VAR BRRE L, W]
%1, Qin (2013, Ch 3).
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THEOL N BA W Z A, DAL ALE A e AR AR, FRATA BER LT
BRI SE MBI FE . BT A MG T2 W FEHE T A4 BB RN i i he Bl B,
X8 SRS 2 R B AE grHHET THORSE . 28 BT, O 7N ARSI 4 R
U, BATELTESHYIRGEE .. REFAR LR EAME R R, LR THRERH
Bk itk 2 Sy B B U0 N B e O . X — A R T DA B 0K, o mT DA
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DA 25 (AL I T — RPN IE RS, HoR SR V0 I I 2 e I AE 4R, e 3
Ok, X R LR RS Y4l RN A Bz BENER N “—TT2R” 1.

WG 4 /R B8 B ANE @ RAT 5520 B A TE T R E IR AUV R, R AR 12 AT 55 ) 25 2
—IE R AN ERERRIRRIA TR AU A i, BRI TR R i
AT N R RO ACEA A7« “FyEME” M Cgt” (UREFEHE - .
R AREESR IR BB AT, A U I G HE T A 3l A T DR ABE 7 f2 X
S ELARE I T B A . (H2, KRENMAHSGRCRY, X—EFSmunm A\ i,
Z T I 5T WA AUTHI XS S B AR R AR e b A 1 o 4 AR S Rk SR B RRITTH . I A SR Ul
ERINLER S S B, B OO BRI B E N @R R R HE AN G S iR &R, K
S HHARAG B RN “ 2R SRR —NF TR 2 o) i . ik,
PATHE S — BRI R KRG AL A8 5 S B AR B N R B, oif 1 MR o
1E#i%: 2] (probably approximately correct (PAC) learning) 454 JRUS: e /M T U
(structural risk minimisation) “5EXEANHES . 28— F R, fELIRRWEEAZ MR
B E bR T, ZRRMIEEARE B A SRR TGRS B RV E& R E R, wt
AR A ST AR SR  R A, AR B b SRR FA TR SRR BAG M Hrr TR
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— HILT WL I 8 R p U R E AN RS E 2 e Tams, SR 5
TR RONY R, BEFUIR ) F R G Im B2 . vitt, A7 B o e 4 R 5L
BEZRIR T VEM L. R B R T2 XA TT R IR R . =5, dd A%
SN AR B SO AT AR, FRATAMER I, BIhit & K 2508 it &
BRI HSE IR A . WATELE T AN T AR E 2 B A Al . IR £
[EF, 4R 284G R R S S B R R & T s MU B R B A, IR AN
R ATR R AR, SRE R 5. FE ST E TR AR R R T 3
X MAET AR FUICERE S ) g, MR F B R AR S e i Bh e ie
R AN S 36 B0 5 BRI SE B VAR e R . 4k 5 i) — S5 gk BRI A Yk R B — R 45 4,
A TR DI MR R (R X A B A R AR BB e . Sk TH AT TN = A= T R A2
FHIE .

FE R R, SRR TS PHESL R A 2 UG SR K 22 $ 4 B B il
S B A3 e AR, X 6 e 5 AR AR ) IR A T AR AL 2 2 o B B A 2 )
(7% R AL GBI R S 2 W e Dhae ot 20120 T HAEW P ShRe It B . ok, A=
AR 7R TR E R 2R S TR RIRY. £ s FRitESUS

0 fE15—$212, fE Kardaun et al (2003) —3CHr, A R H AN IR 3% R RS I L S -2 R AT 14
N SR 1) L

WA RGTH S EX TG A R AR e iR, 7720 Qin (2013, Ch 9); MR %05
HIRA RV B 5 2GS R RIUSCER, AT 2% Maki (2002) F1 Rodrik (2015).

LA R ST Gt 2] ik S 2 Gt E O AR B 18, T2 I Breiman (2001) 1
Efron (2011).
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G TH R L AR TSRS (KRR GREE, 48 B AL THEAE AR 2 ST R v (0 1 EE T et
SRR PR RS . RATAE S ST BT BE AR HLAR 5% ST B S I a5 XU e MEHEN] . 3L
RN 5, SHEASTHERHER LR A A FE HRE. ARRHR 7K
PR e 2 Ja B VAT P o B /N T B IS 1 AE AR S R A AR R TN Ty e A
RUENE, ZIhRETR R A J1 RN R L S . S, BRI AR Gr R
RIEA T IR LI BT e AL, GG 2R Fe A% 210y PAC wl 2R S5 I Gt
RETHZ Fo

2. FFFRHRANTRHE

FEVTIRATF I RS2 BOR AT, MR /R 50K 58 — & BN R IR A T e st
FRPTRIER AR ARSI @RS BB, ARG
SLAFFEREIAR” (WIRZES 11 70). BIES N, EXTEd, IR4ERERA D AR
RN BN ZGE RS, A SIS EBEARM G . AR R i A
Rg: BRDAARIL ‘GHRFFARERD (A5 12 ). X—ZERELE 10
FRALZ A PERESRE VARG . M E /R SEPTlIA A T A X I AL EE, Bl
fbpramif i) SEbmikgeseit (JREER 18 WIS, Sl gt ol ot
FEARG S .

A BRI AN I IR R G 4E /R S AR . 28 2.1 TR, ARG 4E
IRBEIR) SRS B A 2 K A P T AR B ) 2 FhoE R, At R i @A S B R — AL
) MR T (AT RIWE (RES 17 TSR, IERNEES
SJEERT 7RSI o XL EE IR TE T, SR I IS B A L AT T
Wit, SR IR RS EUR S AE R S AR . 2 2.2 TR A ELER )
A ES B S, FEH S A B T AP R E . SRR ] A
PEBRAR A DA — B2 2] 1 RO R U, AT 2t 8 JCAERR 2RI Bl I %% 2] (probably
approximately correct (PAC)) HIME& L, F LA 56 X B /Mb (empirical risk
minimisation (ERM)) 1E JyZE ANLACHEN],  DAAUHET 28 B V2 A () i 22 - 52 % B 9 AR 7
oo EB 2.3 WRIRA RAE— Btk S o M R T B, IR BRIR 2 X PAC AR iR
(R T, LA v D) Sy 5 460 XU B¢ /M, (structural risk minimisation (SRM)),  Hit () v
M55 B R 436 I 524 (Occam’s Razor) « BB —FutEfifa e E. IR, MR
PIwZE - A AU EE A, M TR E-FR e AU B . B 5 W, Pe4E/RSAT
SR ATEERRE AR FE a8, ATEN IR RS
TR ERIR, BONG AR A S 1 — 35 . BRJE I 2.4 T ERIAAL AR 2 In)
G325, FHUHR IR B4y FENT 2 5 2 AR ) )

HLESRH, PS4 RS OER — NS EUE DOLB A F e E m . Aad, d 2k
BT FRRBELFFITEFH AN CORY, @FLRAGRANSHRICRER, @ix
B ERS O R TR R IR VG Bl . FEATA 2 TT RSB AR R rh, o] PRI i
MGG R RN E P AR e, SEIHRRIZILEE ST, h8R & AR 7 I f 2k
N[5 P Vs PR e e ¥ N ST S L v e U RV S e+ N R Rt LR 2 T
BN AE AL TS, FRATE S A B AR

B AR R I A R, AR MR L B, W2 Qin (2014).

39



2.1 BHFFRAXKATEN)E G4 ] HE

N TR AR, TR B i v e R AU, 0 R A A0 2 — 2 1Y
PERR 64 PEYERBEAEAN I SE VR RIS T =2k & . AR FT ORI 2 AF B S A 1Y)
OB ANE . RS EER RTIE IRRPI D DL G S R A E AR
PEo MGGk /R S0 8 dd B I e 5T (1) 5% R U n] Re 7R (5 0, (HAR IR AN SEE H (1)
PIMERE o ARTHB e KRB TR JLAN T T : (1) Jeie3iidid i LB 5T NE R
o aide. IS, XA TMET R R A TR ES . (2) &5 R
AR R RERE IR e R E ARG R, i@ B e HE IR AL, 1E
NZRS AR R . IR, FEFFTBCH S SN B BRI aT, X —Boe K2
s AR (3) HEIRIREM IR K R, 2N REAAAE DM KCR, R XEM
B S EAREAE SR AN BRI 7 B k. (4) IS B Ak A2 5 &
THEE, MATAERE FEmIGAIERE S5 (R p.20 1), Kk, ALK
AT ENE. HE 2RI, #BZTAT T 7 scobk sl W0 I 20 i 2k i A R
[ 3 1) i) A

IR ST AL A SR, R R IRATIAE b E A ) S B A Ay AN AT G ) 22 B AN

ek, Aoh, MYERIEXN AT R RRMIMEFE R, WA B a1 R 1) 2 BT e IR
1), Wt RIS I kB . XA, A YRR SN SR PR R A A T I B A A bR
HESESR, HSZIER FEfRH BN ALK E I B tt. B4R SR,
RIS L R T EAER I MO o O 7RISR Vo M, ik
SIHTERERNAT: “LhRRR B2, k. LA riE” (&
EH140). WASER, ) SLIwE HEHURE B TIUF RN S T
%, IE RPN 7 2107 HLas 5 2102 T o A JF TR0 F e R R e B5cHE L i
JEMGE R R, X BEAES RIS, 1E Valiant FEZHMR UL PAC PR L —5 (2013,
Ch.1) H, AN 2= I Bt Xt B3 50N 2258 77 2 (theoryless) Ip5t,  LAX Il -S4t
BRI AR 78 2 1 228 3 & (theoryful) 5%, Bl BT 5E 3 5. A3RATH
I PR T = 0] RIS, 388 FH A A R 3= 5 SIS Il i R P B A S T B AT
WG Z, WA B REERATIH 2 JRA TR SRR AR B [a] @ ) 3 SR T B .
FH], R RERRPIEBGIFES, A s MEAE F B — P8 S N0 241 1 3 9 2
o Hlgs % B FE B BN P A F DI Re .

EFRHE BRI Z 3 50 50 A T BB A B ML A8 7 S ) — TR O 55, AT S5 I
WISy “ Bt . W W Goodfellow et al (2016, Ch.5). 7ERERI%: S it fEd, BT
TN O 22 X o SR M e R o IR RS R B I, DA AL P B T TR
HAHIEAHGIER . CREW AT 70 H B AL . 2545 it B AR, ie4E /R
P22k SIS I H & TAER . T IR A — T AL
A SN R R 5 SR S5 I AR R AR

BT R E R R RIENX -y, HAPW X RRERCRTHH
BEE, yRRELE. MX -yt HAFEH RN, —Boss H 5 R 3
(2.1.2) Y = hy(xq, X3, Xp; )

R RRK AN SHEGMER D BT HE S 5 P o BeE s A v, AR
A hy AR E R A, b, — A RBIEA G DU B A B SR
RGPS wGYSE
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(2.1.2) v = f(x1, %2, Xty 21, Zs B) + €
) (zg, 0, z) WL QLR EWE R LRELE, kB, eMYATHZAIA
THE A EGRZE T, B, BRES RN Tl TeffFAE, ZREE% 7] A
PER AT . X, BB HAER S 2T RK1Z H w o 20 5 00 1 0L ek £k
hg =~ fo FEBALE N FBAR I EI T, FIENBRETEA X7 0 2 BHEN
PASCEAR AR & W 264555 . lan, me4E/R SRR Ik RASEUR & Btk . b ges
WREISZHKINE AL SRR, FEFh = FINREAR S DA 1 iG4E/R
TEDRI ‘RUPR /AR 1o TAREI 2 RHE RN SR E A by, # hygo
BLER: STRP G R 0%, SR R LA TR BRI, SR
FERREEM G R R A4, v lEd ARk lk. B4, X—Al47HR
WHTHR R S SEBRAIE ? RGN )RR IR R KRR RRA 2 AW HE? &%
ELE i B AR p T 2 B b 2

2.2 BB E ) PAC VT2

LEIRATSE R TR — T AL S oh il A MR OB B S . IR LA T R
SRR BRI, 1R/ HLE S S SR R 3 RGN 4,

I BT ST 2R, B 2] B 2 R H B 45 D3R AR %0 H b ek 44
i X — yEAIERLERE, W W, Friedman (1994; 1997). [FINF, ARFESEIG AR, Fedilik
E—AMUE A A BE I BB ARSI . N T IR DR NFH ik R AT BE R AL I hy ~
fr BT BRI E LR s BN . X B, o B v ) 22 56 KU
B/ME (ERM). E#5 ERM AHRLHUR AL, SRIBEREL:  hy = argminges{Ein}s
HAWE,, TR NIRE, W E, = E[£(h)], argmin{} Fn~fd B e B /M K
A B AE

T hy P2 ACEA R 2 TS R Bir, %M T R TR G, ATEFHE
EREARIMIRZEINE e, WESELMEE. XE, AT e LR B 1y v 221,
HLEs2E PR @ 5| N T PAC. BIMESR AL IR 2 S MR o B hop FOREAS ST K P2 F
SHeRRN . LU T RERACT- S INE T2 TG NI, 56
(2.2.1) P[|E,y — Ein| > €] <6
BATFRhy A PAC AT, RIS — RN EES . ERFAU, (2.2.1)% xR,
hp RE1E1 — 8 MBE/KF T PAC A%, HEEERNE, iR PAC A2 & UAEM
MEMIZ e, 6 € (0,1)2 L, 58 SCHFFAS X B SED AT ATk 2 70 A (B 15625

14 PAC ] VEER IR 2 Viliant (1984) 611 A RGETHHLES % ) BR PHESE AU MELR R, AT 2 M
Vapnik (1999, 2003). A %A 2 PEER 1k HE S A TEAN AR, 772 WL Shalev-Shwartz and Ben-David
(2014, Part 1); 7t Abu-Mostafa et al (2012, Chapters 1 & 2) I Russell and Norvig (2016, Part V)% A #ck} 15
W, G DT AT S B B TR R U

15 7F Shalev-Shwartz and Ben-David (2014, Ch. 4) 591, ANEALFUEE > ARG A F 1) PAC 22 2] B,
BRI E ORI A (agonistic) PAC FI %M. Rt MIANEIAEER, PAC IR Z REAMM
SERPEBGE 6t MIARZL RSN R (S, Valiant (2008). 7 4MEAS—#21I5E, Doyle (1992) M
LU BRI JE AR A AT PAC 5 I iy O s I
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AR, N T ARAFIV R R = B AR R e 2115 Blhp M 5t, WAUTFAHE L
WARZETRE e — E | IR/ SHREE . B EK RTE RURERLE T ERM HEN] R &5/ hy T
PRI TN R ZZE e FIUSSE . K (2.2.1) RSB ZMWTFIR: Epyy S Eip + €. TRER
T PAZ AT IR R S R E oy ICSSSRAF I & Bl 38, 5 BoRHS vhod 5 41 1)
Hoeffding A~%5%30. VC (Vapnik-Chervonenkis) 4£/% . Rademacher & 45545, Xk
A IR RE U T 2ORMEF -

(2.2.2) Eyut <Ep+0 < /%anv),

RPN BRBIEEDHHEARE, dARMHERELNLEESE, O NEHIIMK
LT, RBUZIUNESOE k. X8, #E5NMREEARE, EmIRi1HE
N TRZWRREE, TRBIR S, XH 2 BIAREM D B ERE VIR N TGz
WHBIRZEFRAT K, HHBEZE, MRS ASEB K. fE45E TH W
BREHEET, HHRESH 66 € (0,0)IME, FRATHAEMRIEZ 10 7 IR & 2 i H AH B
PINAE, ZMEHOEFRA FERMERE .

HThp e RE TS, BIES > 0, EIERBI B, hpFR KR EE
N R IGERE O EHRTEE S, IR RRE,  IHEE D AN
(2.2.3) IE[Eout] = [E(hD) - f]z + E [(hD - IE(hD))Z] = €Eapp + €est

E R ey FRIEMIRE, € fmflittirZzE . WNoMlrTE S|, 7Lzt Bir,
B T B e g I LT D5 1T P Y LR 2O £ 0 5 25
B BARAE 7 ST RB IR ZE . BT 5 W, €qp FEEH R IRERII RGN e €05 W JE
(U E U SE hyy T 2050 AR, 12 RS 388 5 B 1 52 % B 38 mi B, JFBEREAR R &
N BT . BT f AR, eqpp WE— AT IE, BLSCH3t BARIE e H
P BB SR T ZEEE M I € o RSB, BRI I Mo 0 76 AN [R] B2 2% FEAR T T 1) € 5 IR BN T 100 5
KA AT DS . AENL AR 2 21 SCHR TR, AR — ATy e 22 -7 ZE R . B w22 -
I AT

7 I MM e o TR BB A, N I E A O B LD 7 N 518 gk
M5, WLAD = Dtrain Y Dyatidation’ HA Dtrain N Dyatiaation = Do XHE, K
AT BEE L Dy i SRR E s> FFIEEDyarigation A3 Evatiaations TENEgue KB, X P Ff
REH R ZEEH M LRI FIEAT TR EPLEF I, ARBITH 7 R85
FEN TR BRI R, —SOHLAS 7 S B 7038 0N TR e STk rh 25 1 22 I 28 JE2 1) J31)
% CBHNES (perceptron) 5| FHEIEE B RIILEEI S hea M5 BRI AN 2827 S Bk
(PLA).

HLA8 22 ST T € HO SRR R 277 2BV TR, AR B2 M B2 7
FERHBIN IR E R . T E AR e PR B A A 2 A A B B BRI ATSE,
FH2 T 50 4 2 B B (I AT IV 5T, AT 51 BUERFR R iR A BoR . X5
TR IAE B Al T — B IR PRSI RS B 5T . FEAL A8 557 ST B 22 -7 Z A B
AT, AR AR I B AR i AT

WS T ER T, EEEREARREEE S V=T IR, WK 4. Wl TR T
PRI, A 367 B F TR T A o
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W4, Bl 218 PAC Al B 2 Rk B IE H T 25t H &5 ? /i iy it
WEE, TRAFHILHEEAES A, mATIsesdE, FIrI%kmAn] w2
A RBE), REBUG AR AELT, &b BB BE I 22 (1 ME— P AT R AT . X
B, BATHAREL T PAC A AMHR T =T0R: H. £ M DRESAFITEY
50 BTG R AR VTR ). L B A 1 SR P 28 50 BRAR AN A 2 WSSO BR ) B
KA BRRUSE B A B /MU B AT AR SR I T 4 ok ). G B9t (2.1.1) B,
XA JFE G 257 Kk R e R R BB, X — i 28 1E 2 PAC A 22 318
TR A TR . B RO, HLER 5 2] i e e BoRh 2, 225t
XTI o] BbRis g . () By NESARE; (i) HirZ & g VAT R,
0 e S 32 e B ) e AR . AHREHE, PR T ERM vEE DU A3 35 25 o B e A i i
T EVEAR )ik BPZEFHURRE, DL T2 8RB B Rk k. &
IR PAC Rl EERRIG T 53, WA REIIE . &5t &5 BRI e &=f
ANFE R, BER SR U R IX PR R IETEHEEE . PAC n 2243
WEST I EHRFEAR, RIS G 2= AL [F] o A R 2 R IR E AR S . AN,
AT AP PR BRI A R R L WISE [B] 43 A S5 A e 21 11T 0 B HTLINE 7 250408 8 A 1 2
W, W2, Zimin and Lampert (2017) & Dawid and Tewari (2020). A E K, AJ2pMER
WHR =R S e EEP R R FE S S ILERC R .

BAR, THMEFRIEFEARE ST PAC % ) BIRTEL VT & 2215 N — A8
FELVHRPR S . (HMNIA BT &5 RO B RE AR, FEAREA LI L8 2 HHxT
R, W EFTR, TR 2 A B R UG R SR O bR ECER R T L
M o A, PLEB S B VR — B E AR A, NAEY A H A
FIrRE 53 AT B0 SLFH 1a] VG B, A h B 2 R BRI e /o ANk AT Zi AR 2],
PAC nJ 2 VE T RE AL B I B8 71 = 1) AT A BR A o L 23% 273 Rl i — /N ™08 Ry R A2 5
EVHE R RIBR G2, TR TR E R M A, a2 WL Valiant (2013, Chs.3 &
5), and also Shalev-Shwartz and Ben-David (2014, Ch. 8). #5E 1155 Je M i) — AN St i
J&, APXTELSc R AR ) R, IRATBIR AR R ] £ A FIE R I Nk %110 7 ENL2S
), SRR R IR B AT v L SR — R AR AR o OB — b A 11 B B 1 e
1752 DA &5 #4 XU B3 /N (SRM) A HE T (1) P 22 R ERR TR . PAC 1] PR B8 B/
(1) ERM #EN, 752 DLZ 56 KUK — B S E N RT3 25 it o (E I S Fh 25 75 B2 5 2 (1)
[l R, B A X — BSOS S ) 1 R A PRI, LA SRIM g o JU) e ] 2 A 3 i 2
X AE— U S Y 1) AT A L ) o IR SRER VR BT R R AR R U], A5 1AW & TR 4ER
TELEARIEE e AN B AR AR, BD ikt A1 Bt
2.3 Rt gt BRBHIEREREN

AR TS R BEASCEIRE, N — ool i) — Bl S5 AH A fE
VENBRRL S ST R PIRES 1o IXFRE, ERM E It AN T AT A2 A0 B s i)
Y215 T, 5 0L Mukherjee et al (2006). X, FRATM AT R (2.2.3) B i)
2RI, FIFMEABIDerain'd Doaridation TR E], IR HiZ 0
IFRR AR B 2.1 (2 TROMIR 22 S i Zon B . B rP AR ZR R 5%
Z M E prqim» FEERIE R dIfEINTT R, 2810, AR AL T R 2 1)
Evalidation)I_I\]Jz</E<)FH @E‘l@o EvalidationE/Uﬁ{JCAEXy%%d E@##Ellﬁgliliﬁl,fﬁdco /E\Iﬁ‘_fld <
dCHﬂ" Evalidationj‘%%dﬁgibuﬁF%a ﬁzﬁﬂﬂﬁd > dC, Evalidation)rlﬂﬁﬁ%dﬁ’ﬂiﬁﬂ
i ETbe Bk, EARPTE d < d. MR REIRA, MRkt d > d. FER Dy
PLARA, SRR LIRS, (UHE ERM SRIEBUSIRY, gk B A —E iz itk i
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AR . X, AT BARI Eygriaarion B VER U B ERM HE I 51 0T — B0l
SRR . B, FRATAEILRI, [R5 A A& 5 TS B, 75 BT
A i KA 5 TR 72 S ME TR g N 52 ST AT . B 2.1 &R I E yqiiataion T A IR
ATYFRHAT, R Z R S ME SRR IR R R B . b sk e L BRI R]
SEHLITIMAE 55 e 9 Tl i AR T o FELAR 22 2] SClR A, 3 — R R vl P D I B A
BRRABI T ERE . 12 IR T 14 L@ KR “ Qi s 2, 1Sk i

BAR . BT 5 W, MR YIRS TR AP R ROR B, B #eLas 7 > kR
R38R AS HE L SRR T
B 2.1 i E Rl

= Evalidation
= /
= //////
3 T
« RIE e
d, d

REVR At

1E 2 T ERM Joik i f E— S5USc Sh Y i) #i, DL HA) XU B /M (SRMY) 7 U Fé mp
MR A NIBTAE . 2T SRM T M HEG 1 S K Ean ™ (7 )L Abu-Mostafa et
al (2012, p178)) . T4, WMERUEANKFTALRL ‘40 FHHIIA—HRET:
Hy SHy S C Hy S oo FREEANHIK ERM UENIESE: by p = argminges,Eim. &
J& s AEEp B/ IMGHEN 2 3N — 2540 XA 5 2 PERAE T1HE A, ATT7E LR BT ik Hy
(K1— Ry PG B E R R p = argming .. [Eiim(hip) + AG)]- hip BIAHK
SRM #EN = 2 A3 SR AT . e ke 1 A XU B EA K 2.1 Hd,,
BEE T BRI ) e R A . LB G — NP RS T TS R w4
10 ABR UAET Hh g B2 A SRR e /N I — AN AT

LA SRM Dy #E JU AT 2 4 RO 0 Tt 1 22 fe /MU I B O by o IR SRR 56 A T
DA 2R P D REAE 2 ) W OB E R, 3= A 1 R B RAE AR O A5 B 4 o A AN [+
FEABEEE TRIREDNTEE . WNEWDrain 59 Doatiaation T HINIFEA R EMEE,
T SRM FITi A5 7 1 TR0 % 22 T S BB AE A SR B — Bl it . FEmT e, IX
Fh— S A PR AR e M, B Eyrigarion PR EFEE R H o ML CHEH,
R R e MR 2 AR B AT M ) — b £ 25 F, W DL Poggio et al (2004). J% Shalve-
Shwartz et al (2010). 5 %A RS E PEIL oy 7 S BRI I — DN B EE Y . SEEk
TSR 22 - 2 A BE AU () e e R R S5 A T W SR AU - AR I AU () e e %, 7

AHSERME, M SRM HEN Fa] 22 MBS 5 22 50 T s S @A 50 B Hendry and Richard (1982) 18 S
RIS AR R AR A B, Hendry HE2S HO & R AT AL AR (s WL EE At 5
FIZE2% (1998, & 14 %)) , BRI ARE P mAEANZILYE B bR, 28R 5 B ] & VU .
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i, Shalev-Shwartz and Ben-David (2014, Ch13). AXEBE R, Hl2s2= B T “Fae i
ML Teid 057 BRI AT, A 0T IE GE /R S SRR R AL I (1) B A 1 A0 ] A 1)
AR Ak, T H I G AR bR v 110 N P SIS Tl 1 2 2

Bl 2.2 RS BT E R R

STV ARATH b R 4L
frX—-y

po [ Sesmin: B g | Bl FEA: D

-

BRI 3 H b &k
JRSE 5522k (SRM)

Hik A
{hp € H;: SRM(¢,8,d)}

[ ZAI R
T T g

Hi#E Abu-Mostafa et al (2012) ()& 1.2 4 .

K 2.2 2Bl IR R Z s, DUEE T JRAT 25 R AR i 55 2
ReiEAT 8. AEAF—3ERE, DL EfRR R n] S g ] 2.2 MR S ir it R 5t
XL RATE R AEREE R TEFANRITEISZ, PLas7 2 BT,
FRLALSERE IXENE SR P S i s 1 A I DR R BF R R R &, BRI 5L
R SIPAEAR U B Hesk, Hlas o S B A T2 SO AR AR Y () 18 A ik
o RNl TR S (0 e WAL 6 Ty RBURA F AR E , WL =2 ST 2R I 2
T R BEUE JG B BE i T iER R T T . AERT PR, R IR B TREAR S A
PERIZ AL S IR B8 B e A, TR S ZHUO G 52 2] BRI R BN L . HLas 2
> BV ) BRI SO AR BB U S (B I SR & 5 RE P T TR 3R — 5 T B 2 B A
TP R IS e LA R W K, AT AR E T ) R SR AR TR K s 5% — T B b = R AH
LT B AR A SO 2B 2 /N, DA AR SRR iz AP R B i R R . XA,
T AL IR PRV SR 75 BAT BBy b R U5 SR B S IR AR, IXRh
REIRELTHHEN A AT EEERZ . EAENE, FALFHEZP RPN
W —— W Z B R E RS 5 — B S, BHLER A S T AR N 2 AR R AR B
EANELGF T RS2 TR A A e dh € S AT A I . Hlas 52 > AL AT
e A5 BT 22 53T o LA PP IR A SRR 2 it

IR, SRM HEN ) Sl 75 AR SR AR T oI\ 2 O HE N S 550, LT e
THiz# g it TRANEE . TR, ARBOT RF 2 AR o A
THSG AT RAMMASERTE. FNEENE, X @BIRAEORIT TS T EX 5
kiR 5 Ja g e (5 B A S R O SR SR it D8 T AR S SIS S ST Rk
heels, FAVLATERL LA 2 B T AR Sy, Xl IRFE ST R 5 ol
— I EE R ASI X A AL
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2.4 BNlS IR BZ R FEIEFHHE

L PAC M NS AH 1 5 Fh s B mT 2 e B, AR AT I G B 2 3] — 2R ) it
PRI o X282 5] I R RIS BER O, B B A A Hh 9748 1 Rl 4 it N\ R
M. ARSI AR R, R ST H B, @R A E AR IEREN
X e AR B ARAS, AT AR A E NS I a5 S 3RA TR R 1 4
NAZ BT DU AU M AR X SRR AE H AR I S A o b P B o =) ) i de o DAL K
AWML, —PpR ARSI AAY,  JE AR T 4> 2K bRid s S —
MBI EARA, HH B2 IIEE AR .

55 B A > T A A IR 2 T M B 2 20 ) R, I M 2 20 IR R BT B A A A
FRA PRGN E, A RERRRALE, KIS S E 56 B e 51 51
o BT F AL G I 3 B o TR A R — P A BTG M ) I AR A . A
i, H AT B ST 1) ) R SR T IR R A B . 5 R o ) )
RS, TEMRE S ) i SR AT S B AR E . T 8= hRid a5l 5, Wit
B E AT R S AR T T RV DU RARAE 2 A o 3 S g U RN 7 S A AN A5
PEREAT LB, 1T BB X O M s A R o AR, IR G U RIS A A% AR R H
VA ImYE, 12 P SRR R TR 4 H 45 R R AR R

B 5 o I R A R S T B A S PSR IR R SR I¥, 1 L Chapelle et
al (2006). van Engelen and Hoos (2020). 5 UL {12 B 2] I fii A, Fris i A b
REARBERECmPAE. Hldid, 515% 0ES0bmdiup AR, 55—
BT MR, BT SR A BAR A AT A AR e B AR B, (H A IRV 7] R
JeBG MR TR T LIS B R LA R AR, BTSSR — e 5 S EH .. S
B S ) JE A 25 V)R S5 A S 85 5 (transduction) FEFR AL & . B S S — A
INHEFEANE], B AR AR MBI B IRRI AR 2D T AR 214541
RGNS ST 5518, B T2 S B — Pl FHRL A T Bt 2 2 T SR vl I A i 40 o R B
un ), Gammerman et al (1998).

AHMEF R, LTS BR 2 BN BRI T B S ) i . i
BB A A S50 R SR R S0 R I E AL, T HLIEAT 55 7870 b 1 i A8 B () SR AR AR
— R Rl AR 5 B A R AR AR T B R )2 S R B IR R, AE T
Hir s 24, KU A E 2R MMEK. fltn, FEARIRKRE T 7%k
KFR AR RN AR BRI K REE, MLSEEIIMNMAE, XLk
AR SN SIESRME T H 215 FE R, R SR M =) a8 ) Y% o
5, T B ) MR A ] RS, N R BRI AIE S — S P RS %
Tl BN 58 Tk A MR H — 25 AT AT 2 o AT MR FEG I am ARATT, T AN A
HAT ARERI SRR, AR BRRF B ) 2RI 7 e (oA TR IR . EiE
JRAFRAT,  VAYN ST RIS A G S A RS SR PE O . A
BB IR, G E RN SHEER 28 THEZE W, A& T g0

@o

PS5 T AR S A e (5 B A A 22 ST R R 2, BRI L 2 B2
Drv A Al BEAFAE AR B o IX BLSRE o 55— (9 A 2R R s ) 2 e

18 B S g% 2] BES 2 Vapnik 78 1970 SR HHFR ). A ke 522 2] 415 i 2 ). Gammerman et al
(1998). LK Chapelle et al (2006)— 45 H {155 24 1 25 & . X BAEE K52 Vapnik JEI. 7E 58S
RIS 5 0 2B o — AN T P — Bk i A S g e ) R R 1 e ] A R
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AT S8 X —IRER T4 — ML pr &R AR, E—IEEx—
BEARRRBOCHIMES . WEB T RE, SAIAE AT B O F 18 H W £ o ok
KAV RS, (BRI EATRZEAT SRR AT S5 oI B 2 =) I R AL PR . L
WEA R ERTA], B —EFHEESH - ENREFIWEBREEN, ZER
R A i S AR T () 2 e AR B bR 228 H AR 2 B AE R R T 348
B, RGO BARTI WA RN T o B R O B s AR R PR AE R AR
& (limited dependent variable) #58 . IXHHERIEF X EARFEAR, 1EJE T A58 0 B AR &
MEEA R —. fEZ AN — R ENIET M RIR T, THEA X BT
JZ (truncated) %4 5 5% (censored) i Ff A%, 4 — M RTFRLRY ) R & LS 7
VA (e )R, ISR PSS T B M SR AL TR . WL 22 ) 4 SR R TR R IR, X
PRI NZ 8 T I B 2 S I Tl . O, MRS IO A BF R % (8, Xt
PR B VR I AR — MR A A HE S ) 8, T B B ) R, RIS PR A A s 25
IR AR B AH DG U BEAR IO HEBR AN, Qi A (V3 210 1) 503 55 30 /0 i ah A ) 5555 . 3RAT]
7E 56 VU 25 B PR R 5% R W] ) A A A 1 ) R

BRI e R ) R G R P EW T FE R . KRN G HEES X D.
Hand (1994) K& “AEMGIT M7 — X —BRA: BMMEYS At TR
WAEHE A AL, BT CHEmERRERE o XREONEAE
RS e T AT I AR AT A B A A T HORA M R (p317). &0k, Guit
FIRAT AR AR PR O =R, F SRR IR T IE 1) R A A AL A o) IR et
For B A T 7 R B .

Hsz, B CEEBERIAE ENTHEEERPEN CFIRERT 8 WA
B, HEZBTZIRA RS, a0 Russell and Norvig (2016, Part 111).
XA 8IS, A TR FHLERS ST, Wl N6 0 R S i A R % 6
KRN ENEHEN TRFER . MAHAESR, B 725 L At o,
HIRR R AR AP B AR VE . AR AL IR 1R 7K 7 (ontological and
epistemological commitments) (. FIR 5| SCHEIEE 8 ) o FIIRKRHIART 2 —4
TR AR, TRRIXT IS AR S o XA AR I A B AN & 5 B 5 F A
Al A, (HAF A HEZE S M EAE AR . WNRIRAEE, AR R DR E
—HHEWT, XAHEWTIE RS A 0T RN TR R AR B 7 A4 B B A O
(EATHEWTES AT, X — e MR EEE AT, Davis et al (1993) X —
REERRON BB A S 2R o Bl N, BEEAIE IR A E M —F E A
R K R0 I R SR 5 v o AHIR HEAS R ME— B EE 0k, 2 A mT 2 3R fr
W) T 7 S AR S e U FOEE . IR B, HEIT A AN o2 M A BHZRE PAC %
o, AR e E e, FERXS A B A L BB AR TR S v ) AR i
HHAT AT 2 3 A1 BMBOE o X A B 7 925 L Sl o N T8 R TR SRR I AR R AR o 1) L
AT, WML T I T B S NETF TR, R ME A0 20 B o A R
WLV ANRITER, FUsEH BT =a A B aiitor . A4, KIENLESS )3
W, ATZWFEFARMBRALTOT &SP REAR? N — 2B EE S E R
RIX—Jr] .

19 45 K5k a7 2 W, Marcellino (2006).
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3. BFTEFPBIRICHELRTNEE

v AT 225 AR B ] — AN AH RIS 4 AT T BE AL A B AR 204k, XS e 4E /R
TR EAVE SRR TN REAT S, A REREES, NI s
G THERE R )28 R BN, HMRAES 4R R IEAR S o AT
VAER], ERBEETFAWFNATRERI S TEMERGLENMRS, ZREAM
SERITRAERT TR B, AT BB LT 2 G vt i T BN LS 7 5 . AR LA X
BRI P X — R, HERARRETHES I —% RN Bik. “HMSEAR
B AR 4N, (H S ILSEAFT R R B AN TN, X2 Rodrik “Xf &5 KL
7 H il (2015, p116). IR SCEE R R BAR SIS, (HEE TR E S T
FONRIN T, H AL SR AT P 4 2R AS W 2

Bl O, MRPMSE AT RREF ISR AT e g s T A IR
(1o REZME S HANEH T oA TR AT S IR e AT AR R . 3 2k g i, Xy
TG s BB S T 5, HAEE RO B 5 50 S 00 T 564 3 B A
Al SR IEWE . B RTINS 2 ) TR I TS, AR H TR N B R
PR X FEESERCN, PEsE I E3R M 7 R Scs R, FHFHZREA], £
ST EH v S R N AR 2 /T, A S TG v HE R e A e . R T
— B HEIPN LA 5 2 TR A St R, AR B R AN A 4R R AR N RN A
FARE AL 7 ke 21 1) A

31 H, RMNEFZENBE S MESH K, BEIZESETEE A
HAssE (URRImIN AR D BFAVER . IS I — kAL NS 8%, HIpENLA &
(VI AT AT R o0 BN 2 A I AR NI Al BRI, TETF BRI SE e rh, JEBITE
HIMECL I o A BEAE N B R R 4y A B TG A . SR A A AT =
FRAERIEAY, FRAVMER R, AT %0 M B R Be 45 B0 HE SCRF, AT
N AT BE B 0 AR AR T 808 s = e 0% I 30 B0 S RF . FRANTE 3.2 WERF
W, BB R O R R . AXERDL, A RS AR Az O350 2 R R SR
KER, HHRMIESE - RATEIAMEMS . BRWETERZE, TR,
HE AR LR EHIN—EYLRZ s, TR A oI N L5
STRIARIERGIR, Wi I® B ) 2 A 8 J& T80 3K (discriminative) B8, T AN J& T-A2 B
3\ (generative) #i7Y, 7F 3.3 W HL, WAVEBI AN TR REX T HIREK RIS A, KL
Grp i S A e A AR E R b R, BRATE RS K5 RSN
FAFETIRE AT S AL P I TC AR 22 I3 1E A2 DR Ay 2 A 1 2 7 ke 1 [R SRK
%, HUSLZ A E AT AR HEIATE R, FRATA IR H A8 1 5 2] F Bk 53K
AR LR A ST RIS E i S5 B AR A . MES R R A BhiX — & ) (e % T
Ho 2]l i, MR mEEARE P Thae, BN BIRLE B e (s s .
HAEEMERNEEPH TR R ekt g L, BRI AR ERASEEH AT
2 N AR T 5 A St 3 A7 6 B 15 R SR ERICR AR T 1 ) R
3.1 /BN H iR ER B &5 3R & 27 U RLARHIE

TETHEZA R B A, K] E 5 AR R N HBE LA 2 S 0 1 R R
PSR THAEH? X—Ha2 B RBFFEISEFHE? XML, 5
—mENL O, AR ENARERIEITEEE 2, RABRNM S RERRRT
TR X H, FRATK S ZVE R PR 7F 24057 A8 B AF B 7C 1) B AR B 2 1T,
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H H N Fa B 0T T B B I O SR S I S AR AR, RVP RIS AT
ZI4 AT 25 5 A B 1) SR Ak B B R A A4 SE FH AT AT IR R

REZRAR 1) — SR FEAVE BB, RIAFAT Bl ML AR B R I 2 AT 40 ) 4 R 123 i N
A ARG AR . W
(3.1.1) P(x,y) = P(y|x)P(x) = P(x|y)P(y)
B R BB E S, LIRSS, ATEE T LU 2 A6 X BT
WAR BRI, ] DLy il MR AR AR A AR AL & AR 3 AR MR R R AR B
W i JF 3R, BN LAY — R AR TE AR IR B AN A o LA T R AR AT T R R
B K BOAT X 2K B AR AN . br BRI I ZE W RO R AP, ER
F-MBRANERE Y. X BRI R AR A ER R CNAE
AimtE W&, X — MU T IS 4E R VEAE 0B R i A AR R LAt b o) i B —
P VLA M HEIE . BEARFRSBOIAM R O Z MM AR R F BT, NAEH W
W gkl ReH B RS, Rl E N AR T RS T HsL,
H 1973 SEMA M ENLLAR, 2T BT T 5% F) 3L T2 il R BRI 58 2K BR 1R T
Hodpe BRI B b 7GR 2 IR R VAR A Pl v B AN AR i 2 B AR R F2 (data generation
processes (DGP)) . 4, HANARE K FENLN PR V2 AN 2 AR W46 I i 75 %%
(IFEAGFAE,  Rr ] R AT Bl A5 150 72 A S A RRAE

S EMA TR RS R AL, N R T 5 B AR WAl AN
MR, NAZETEE S MBE NG AN R REARNE, sz,
P HE R ) R KRR A 2B A . N R B ST — B TR, BT B AEM R
SAZMN CARTERT BRI b N TS SREBRINRESS T e, LEIRATTRAKIK
ERILT LR = Fh A B B P AR AR A

MR EBE R, BTl G A I P AR R 1% B T B R A ) — SRR A
BV R L — TR, AR =TT, 30 A0 2 4 mT U 21 i B4~
BF 5% I (8] PR AR 1 R AT AR B 4 2. HdHl, IR ER—. —MESEAEN T
KAEFHER X a8 (55) PR 5aE Pt #2 . N @ Im & R H 8 Bl R
A (autoregressive (AR)) K% HIX —HFfE. DU ] B — i B [ A4 A 5]«

(3.1.2) Ye = PYe—1 T U,

YIS EUNEpl < 18, (I8 y, PR RE, 12 = 18, RATUFRZ NIEF
faakF PARIIRE . SRR R AR B () PR AR 25 SR LU b B, — N B i (R A
MRILGHEAL RIS IO R RTE., TP RS LAER B0E T 2 A
Freh 2 e . IR R, SR E I RARG R — R A A R %,
FUAR I PRI ) S B E — R Z REARAN AR, Rz AL ThRess . RIMfEIE RS
FWIh S oy kB, RASHARLMEEA, o BiRshiE. hieil, fMike
AF B YA ISR S 08 AN B A AN . 2R, LG T2E R BEN LI ARG
50N, 8 E B AR S EA E A YER 5 IE N AT i, eI 5
B (AR BERNAT LI RT, X R ESWMEETE S BERKREE, A2,
MK Z B A SRR G, A & [ B AR S DR T RE R B sh &R Z,
TR T R P2 R A GBS IE B EE 3R, TA AR B AR AR AL FERE RS I B 11

0 fgRAFTRZEIZEL, W2 Qin (1993).
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REVANTERIBESAIE, BREZEARMIER. NEFFEXNIMMAE, BRRRE .
AR5 6] AR B2 A R S5 IS BN M B R R ANIE o B AR FE S AR IX — AAIE, 5235t
e, KR T A% 0 MmN RA RN AN EAE.

N RE B LB A AERT BN SR A X — 2, LR FRATTEE S W (1) H [
ZEIR 434 (Auto-regressive Distributed-lag (ARDL)) A 4. BLBEUn N ARDL(L, 1)
TR DR S 5 EARYI & A .

(3.1.3) Ve = @Y1+ Poxe + Prxe1 + &

AR, (3.1.3) BRSNS HAR G B — N5 o] < 1. B4R,

BESA A (3.1.3) 5HEEIE, WA TTRERIN A (3.1.2) 5HdEvic. X (3.1.3), (3.1.2)
RIA G x Al REERRINE, 1 HSHp b2 stiw L EA Witz X, HRH
(3.1.2) it f5Hp = 1, HapMEiwZEGIMENET FW. XEWRE, Ay, LR
B A O R A BRI FE AR A BRI . 2458, JREBERN AR, A
T (38.13) M5, a8 pAR RN Do, N HFR AR, (HIELERN A AL
N, FEx, MG AR BER A L EW AT . #lly N E AR E R RS ST 5%
M5, BEAVELS ) ML AALEIR . WH, A0 RSB 8k o
B, BRAR R PR AN A T2 2 B B AR AL AL . DL (3.1.1) MEBTE S
fife JiR BRAE R AR 9 1) SR B A2 5 5 IS K AR AR B 1Y) SRS

G RATR B — TN ETBEE A R BRI A U 4s . 1AW iR E R
SEFERT IR AT, X DR A5 AR R A EAE A O AT R S . Y
Ay FIRAE G S IRV 22 72 N FH 48 55 22 S e B — D7 R AR A Al 2% [m) = E Bl 1S
(Vector Auto-regression (VAR)) FERL iR . ANid, sSERrml 4 2 FER R L sl
JB T SFAEA— K2, VAR Bl 2 2 T 5 R B A A . K iR ARDL(L, 1)
R Jg Ry — AN B B P =0 VAR B

Vi a11 %12\ (Vi-1 &1t 30 €1t 0 of o

(3.14) (xt) - (021 azz) (xt—l) + (EZt)’ fFet: (EZt) ~IIN I(O)' <0211 a?)l

AR (3. 1.4) 10 A (3. L.3) R FH B 7, (3.1.4) 5AZE IR G A (A AL AHIE N, RP
AN B L) F T F . IRRIEP(y|x) 42 P(x|y) fHik#. SR, XPpgE
FRPOI R SE T RLAMER. ', N VAR BRI A EE R PR AR R
7w ER . LA E N AR B E . @I K. R ARZE I B AR 2 VAR
TR A o X DU B e 5 AR e AR IR SR 5 . el A (] Ny AR 72 B A EO Y,
AR AR I BN R R 2 AR T 1 55 R L B /D T R e AR R BB B S . R,
VAR 18 b & B RR (A e D e & R iE s B R E R . ik, £ VAR B
RS R e S AT R, AT AU AR A H AR S 8 H B R I b S S HE R, X RRHEE A
YT SRR T, DIARFTHIMA B A 1% € L FR . RIMNETFR TR HERE, ADb&
FEFHA VAR fN R B, Mg @i B, 8 7 B AR
FIN(3.1.4), HH KL AR R B WP E N — RS WS AR &, W

2
619 () 0= e 0+ () - [©). (7 5]

2 AL G SRR T T RO LR A 2, Ht S W TR S AR TR DA Z A2 A A AR IR A S ) R A T R T R
BOR; A RSO 5 AT 2 A H IR E, 730 Qin (1993, Chs 4 & 6).
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Rk, AR B S RN FRIE A K 1o 734h, SEE VAR BEBYRIR
PEGRAIE T AN I I 2 o He— ARG TR — A A TR N RS M 4
ARZE (RPAE) MR, SR VAR BRI B AR . R H TR m
RAFEIN B, SBCE I G 0 VAR B8, RPN VAR LAY, RI7E Y
HOIRA St 2 ) AL B o SXREA L SR R AR B 0 A A PR 4 57

8] 5 2 s X 7AR S () P ] SRS B BB U AT T B T b m AR A Y 1) b R RT3,
W2 Cox (1992). B KELFF i EEA 7T RIALIEON, Tt 2 oy FEE AL 2
Z PR, LR B HE R IR B R AR B A A — 2K AT 4 R R IE A B AR
A MER A A 1 B 2 5 N 48 UF AR 9 1) S i dn e = 5 TR e 2

[ A 24 /R 45 Ao R FEAE AR AR Fp IE S0BI N2 A AR (11.2), %tk
SRR . UM S TAERAT B &R (2.1.1) W — AN BENL AR ZE T s 120G
PRBRIE: s & “HAEMME MM R” (B4EREJFEES 51 70) 2

(3.1.6) Y =hy(x1, %z, , X5 6) + 5

36 0 PR o RO S SCRRA AR B, % RU(B.16) AR LB . BN BTl
TN T ES Bt X IR A G T 5 B . A 2 e SOM BN A FUR
RSB, EERR, AR SRS NS 2, A kS i R 2
IR T RS S Koy Rl X, oo, o (U BEHL AR U I, AT S5 0 )
R W Hry S A AR ] 2 SERA T 5, RIBBHLIRZE B0 rs . fF] T — A
W IR R LSS 1245) . AROMIETE AR T 0 e T R
TR 91 0 0

RAVE Sl AR, ARSI SR SN PAC Tk R, I T 20
G . M PAC AP MERE VLA, MM ALKIET (3.1.6) MR &b
(2254 NHLEE 2 51 R TE A AR ST 7 R . 3 T RE A (28 B 2 AT i
PO R ok, i, FEBERIX— TR BT, AT IR TR Bk
HEBIE o R 2 R S B 4 RO MR ? B U, MR AR
S A o 1 S B PR L (2
3.2 AR WTE G IR/ AV TR L AR I

LA S e B4 AT, 8828 2 5K — B T AL B AT 5+ 1
R, 3 (3.1.6) UK RRh, . HEPIME, L0 50w R R e /e
PR AR A BTN 2 b LA 7 AR IS o A 5
BT £25 2 500 T B 0 R U 0 20 A0 DA SR DR O A e, e o
RORBOBAA AR R MU SR, BB M A U IR (AT R b Al
CeBAT PSR o T L MRS BN, e S, BSOS T B
T R AR AR RS, F4h, BB E R bR
YRR BT BR A, DATE S E BB R A, 24 B4 OS5 SR
R NS AR I . (o, BOHES SE R ZJT  BHLA 5 TR 25 A B A A S L 7
S R E Ry BRI — N BEALIE 20, AT SC BB 15 5 o 22 B A0 2 % T
R WK S, I BLAA R BELAE BE, HSse Ay T 4 88T E 4.

2 O T RFEEA R HEE A KKE T, KBNS R B QL) TR S A sl ERHK
AT JR AT
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FERTIN T BENLR ZTL S5, AHE N ERLE (3.1.6) A TN S8k fliitE
Ms, Ja& FERNTRSEMHEFMALN . AT0L, fELF B SE R,
AR HEP LA B A A

A G N AR AT SIS R B ZERE, R A RIS ). AN FERRRSRE R
—RIEAEIMATRCTE AR BRI A AT N X BUARMBE S . BARMHE,
2 U X TP MR E S, AERFIRT, DR IUEN R I N B 1E
W, PRI SEA SR BIHARIRAES . WBCAB R R SE, XAk E 7 SRR
T 24O AR I B DS RS R BINEE 22 I 20k Ao DRIIE, B (R 52 2% AT
BN IXEEP AN LR KEEAE M T T ShaS LR F SR WA B 20, Ja&— Mkl
ARG R SHN LR FAT R L . ETHTAR, BRRZUEHZ IR MR
ISR T BENL AR B HIMES, WA A BRI RIS S SR RHES:, IR T E
VERC A . LM ], LB OUE IR S S I % AR IR IR RFALE . A
7 AHE T 5 AT e E ME R GEIR SRR . R H AR AR B B A R S (R
e, WLREAS A N oy B 7 D7 RE R B AP BCRAiE . 7T L, SRR SRR 454 1 58
RrBOE I A TR E IR e R

4] 3.1 DSGE A& 1] 1) 3 Ay i 7~ B

Demand Mark-up
shocks shocks
Y=y i-xz%..) - —_— & =m"Y,...)
Demand Productivity Supply

shocks

=ffr—x%Y...) |# Policy
Maonetary policy shocks

Sk Shordone et al (2010)

FEIE F AR S0, BEATL R 2 W e 5 i AR R 5 0 ) 25 8 (1 S R sl S L — A
)17 (DSGE) #i% . DSGE #iMJ& T X JRE AL, 52 20 INZE 00N P AR A A B 5
ROV E B, BRI FG A & DSGE B M IEARE,  ZILHOAT
AR G54 2R A FE T RE R TH 2 AT, (B B 28 S st — A 0 H AR AR
o MR RN RE R R ORI 5 38 5 3R R DAL I R R 7
AT HH 2R B Bk M R . T R F AR AR B BEALIE SR B — > B b A= B
PiitahAe . XRARERRIE AR AR, WE 3.1 Frosi “FHRMsh™ .
e BRI o Wk REA HEE A X AR RIS T S e AT R E N (4

23 Gilboa et al (2014) # 1X AT FL AN LL GG Sy FL Ak IR RE 204, LA T DA R 0 oA ik 2 )
Bro FIAEARATE) 7 2RVETEAER, VA 5 B2 A5 J5 B0 73 B 75 SR 2 MR A2 DU HE B ) = s

24 45 < DSGE #iR! [/ 4 M ZEIA i 2 Il Canova (2009). Sbordone et al (2010). Fernandez-Villaverde et al
(2016) LA K& Christiano et al (2018).
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f7 Vs FRS, BTSN RRREAR, @RE S LLEE RGN EA
FIIBIAS S BeE , RS E G/ A B IR R R e Bl S T H AR AR B 2 [ ) 228 . X
PahAEE A A BOE 2 AR BEHERE . LK 3.1 RIS TR Ins (mark-
up) BN ET NG, AT RGZARE RN AR(L):

(3.2.1) Sut = PSpt—1 + &ty 0<p <1

S 1 e A2 TR AE B T e A AR ZE T (E A SRR, BT oM ERENLELhE
TRMGIN, BATRNEIRSEER T AR NE, Xt PRRT SR
B () [RIRICEC AL &, N5 1 AR 0 Se 30 15 8 I m] 4ERE45 2 AR IS &

MZ TP IX — M 5, DSGE fAY n] A RIAA LI VAR RIS, H R
FH R 2 TR VAR B —HF,  BIE R Bk b e A 36 SR s S SIiE 0 A . AN
DSGE R T & IS LR — Mtk VAR B E 445 2, 1 BBt & K18 2 . (A
I, AEGRIG AT T7 i — MHE LS8 AR S S5 il T AR 55, 7 Sdd 1 kv
(calibration) SRIRH . ALY A HE PR — T A AR v A2 0 2 0 B A A8 B 2 2 2 501 0] 4 1
B o X — AR AERE TR AR XS 22U 1R 5 (identification of “macro moments™), £ i
Nakamura and Steinsson (2018). %M Bz Z &K —. M ERFEZAWINSE, H
i — R IE T BT IR AR B 1 A SRR . filan, SRADEE 3.1 t(3.1.2) ok
IAE 31 HIEREY .

i, WERISHEELE DSGE A s v (13 H 7 SR S AMEHERY, BFH W
TIPSR G WA B SO Bz A PESS, M7 RN 2R304
WE. A MNMRIRELFTECERSUHT . B, U SEUNE 2 AR B A BR AR
BZITZ A IR, AHER XA AR AR AE R PR A 1T B8 & ERM & L &AL
B, BRGNS RN AR RS, ToMLIX — {5 Be XA
RIS EEMIBRL R AR . WHEEIAE &N AR T FE KK 2 FTE # £ Cochrane-Orcutt 1
T, ZANTHE SR B A AT SRR Z T AR TE SRR TR M ST &
Mg (LB A L WHIEI T o IERETXMEMESEY R, BRA AT
i . Ak, Cochrane-Orcutt i T192: /2 R R XA R B 78 e A 2 AUE
Zite {HIE, b RRrEshas Y e R R A A A S A B SRR AR, 14
WO R ERIE R GIFTIE4%, 75 DSGE f A rr, 4R S22 7 #2188 H s 2 i
R . B IZREHE T H IR R AE T B IE A O I A AL . T R A
RS T EAS R S U BhAS RS, EILSEER AT, @ PRSI SS R E A R . X
B SINTHENLZ AR A B FRAE sl &, AMAfE DS TR LIRS E A
AR IR, i LA AR R K S SR i A BN T R B SCRF R R AR . RBX
TR ARG IR, T DSGE #E 8 R RS T RS 25 20 a8 — B VAR R AL AR B i (1) 30
%, W, Gurkaynak et al (2013), FRATHHAENET .

B2, W DSGE BRI 1 S FEMR I FE T &, BT B BLL 58 R AR & T 451
BICR, ARMINMTE L ERMGE, AR IR HEF AL BEL 25 OC R EE
TRBREPEM. Hoh, nTASE DGR H R 20 2 WA B W RRIEH, H AR
AR B O A AL o R, DSGE 557 ) J5 A s AR T B AT SR R Sz 4 4o A AR 7Y

25 WA A 6 Cochrane-Orcutt At tH 757k I R HEA, ZoRHE W 2 WLhfEss A2 ¢ (1998, 26 7 #); #H
K P75 W2 W, Qin (2003, Chs 4 & 7). XEAWEIRH, SHILZIEREMLHR R IE
RFLH) AMUEA K. FIHSEAFNEE, BRSNS & S5 .
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(3.1.6) M\ AIERAE Lo WEYEIR SN T Fr A 45728 5 IR AR BE ML AE B L (1 3 &
PR R Z) I e i 22 T

W4, RETEF AT DL A it 22 B R A L AR 5 s, e
YR SRR T Bt B 1S 2R M SCRFIE 23X — 1) DRI ATT 51 R ol T B2 R i I E
PEM A7 (Program Evaluation Model (PEM)) 26, PEM HIfT45 52, it d Bk i B i1
SR FE RN (average treatment effect) , XI5 H St A RS H AL TR . PEM 1)
BAEE — AN RBERT R 251 BORFE AL 0K B BEHLA LSS (randomised control trials).
PR ) R RE LA 2 2 UG T MR AT A AT 2 1, AR R AR AN 000 20 A JB PR A 3
5 G SR, X T HAEBCGRITH PR B RE L RIS HAR FE AR UL, Te e E b
HURSERI AT RIS 2 A BI6L, BT AT E PRI & — DA v ZBS R 5

MATARBEETH AR, FATTH T ORMER I H PR A
(3.2.2) y=aT + f,(21,23,, Zm; B) + €
XM a PR ESRL, {7 e B R h AR R, XA RAAE ST AL
REPE . BE ML HEAREE Sl A SR R A T 3 e 92 ) 0 e AR (1) 0 R R S R 4% AR MR 40 A
POy|T)HE 5 Sk . SR, BENLHRR SR AN BE e 24l {2 W R BB . fOTRE
BREAEME, HiEE NI mERS I mk. WEKER PEM MR E
JEUMEIEIX — . MHLE S TMMAE, (2R T MEEAZ. wmH, £,()
(27 ST 55 AN 5 B SATATA MR 041 Py (2) B e 30 /iR, AT BLE LS > i S
YA IR AR SR TE . 1E R T SRS S a FI s T2 A AN o] 2SR, X
15415t aT — TRt e 30 AT (3.2.2) & [H T LM A BENE AL S TR E . Xt
R, BEHLOTHE IS X — BT SR AR AS BEIf TR G 4E R S E A B2 R

FENLES S S BRH T, EE e 22 Sk MR (2.1.2) )y fr#ltHe X —i&
7 R AN BB, DIXONT AR EELERAE, 2L Jebara
(2004). Shalev-Shwartz and Ben-David (2014, Ch24). AxEHEF], A4l ie L4 g
TR PRHEARR . XA, eI e FIRE SR Y 2 G v T HE T (1) H &, B
NI E R RR o IX — A AR T 22 TR AN e 75 3 23 A B AL 1 IR 4 3
W FH ) E A A o 7 48 R BEAR AR U IR R SR B0 AN 8 IR, SRS #ir
[ AR AR R R TR A IR . — B ATy, BRI B 48 —mrh
2.2 FIBARSEIL T hy = I PAC %2, AHNAFH et Mix 5 — N8 EAS A
FE RN R infl. T2, BERhpy BBl EomsaEs e, HETEHY R
K (2.1.2) SRR KA AT BENUBL A A . HEE T, Gurt22 115 HRia
AR LA AN 2% A AT TIUHA B4 B ATLASE 28 S [ B HL[R] TR F o
3.3 BHEHEH Y PAC AR AR EAHE

HESR 28 5 R HEBE TP R 8 PE S BEFBARMR IS, MERHER IR (E
HSEE T AR E, IALTF TR % AU R R0 AN 2 N T B4
WS TR 1TE H RS ER AR . WD AN B 1 E T L AT R B AR R S

YR R, T2 M. Camero and Trivedi (2005, Chs 25-26); A <[ HE fh A 56 B 2 o)
THEORVEN 1 )5 PR &, 772 0L Deaton and Cartwright (2018) .

27 (HAG RIS, T BRI SE S A4 T H. Wold (1975, 1980) FTilk 77148 S A1 B 45
7 B R A
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T, KRN L GEPME B RS, EX 7 mE, R 7T REXS
SRS BV RRESE ORI 73 R g DL ST 25 2 ST AT 55 B R AR 2 A 70 1) SR e SR
7] 2 L Dubois and Prade (2009). Costa et al (2018). LA Russell and Norvig (2016, Part
1) 8 29%5 A7 20t S A NI I S i o S AT A A2, N T Re A 78 3
AR ZMHEEESS T, AWHAT N RATS FT NSk i F2 K R s A i
&4 B4k (modal propositional logic) IS FE, ZidFE— AN B T HE R HEF AR AL R A 1170
W5 . T NP AEHE B R/ 3 50 N B AT AVERE, ATA & 5K
FhZ A AN R HEERIE ALk, Rt RBUREE A RIAR DR A % MR %
PR R R A fr AU AR AT M SR, A B AR B SN A A e &,
MARG % & X FRMEYIAS S . 9k, Dubois and Prade (2009, 25 6 74) Hix Fh i A
PR g7 B 22 SHE SR “alisn” SRR REAESS, DAl T2 T ME R4 B i 26 AF Bk
1E55, i DL Sl M 2% A B

MN T RERI T E TR, 25T 2 LI SE AN 8 P 1Y) 32 BT B U e B
GrEEEVERI{E 2%, Wil Doyle (1992), Z035% 52 B OV IR SR ] AN 2% ST 55 — i I
TR AR W . Rk, 25 R ¢ R AR A HE 3 AR DUAR o 32,
N5 (3.1.6) HSeI it by, 1 B AN T EA MR 80 . E 2, hy, AR K
W E TN R TR AR —25, (3.1.6) M2 ST S A2 ] S Gu T
5. HA R, BRI HTIHSENEMEE 18— FIT R mig 8 a5y BAR L
KI5 38 2 R RS H & 2 SRR M A SR E .

AT & R, AW Z MG R 5, SRR ENh, 54 g5
) H AR AL 2 (R ) ZE B LT, GRS BRI A R R R — AN ST S . AT R
R 58 X —AE 5%, AU MAT T B R U RS . L UFF AL SRS 2,
IR T = K SRR RE )R B A SR E G AT R B LA, AT
B RR SR I, WA TN R SEROA R IE . Bk, S5 RO o
BN TR T AR R R A SR, ST AR a9y 5] F B B9
MR R gi%5%%, w2 ) Russell and Norvig (2016, Ch19). EARAITHE R &R R HEH
25, AHEATRRE TSRS B AR — 20, RIAn T fAa 2ok A b (0 5 IR M AR TR R
TR N PG I RS BN T AIR%, JF Oy SEI AN AR Ee e b TH 309 @ Fnil
A EPRIRS . X — ARy “ PHLE 7 I bl HEEE” . U Bottou
(2013).

BE 2, NLERIMFRE R —MEEIESHEE . 2T E0 0 R/RENT
FikJyng, MR HtE, BT RS I EEE D R A R Th RE AR . (H2,
AT FE 70 = 00 H AR IR 5 T R SRAT S5, HH T a8 02 D0 A ek 1) 4 ) L5 a2 220 T
FARS A B A AR 308 280 DU ¥ s ks 1 422 PO G 55 MEARRAIE, 40 L Valiiant (2013
Ch7) iR . % Valiant (R, BT @ AT 35 15 I 1015 SO 14 (R HEE
R, R — AR R TR IE . (HE, DR R A KGR R G
WG S, LASBARAMMITE. X2FENESLES, BE ARSI E R 5
% AT TE R 4% 22 TR —ECrE R A 7 (Valiant 2000, p231). N T e RIS E, At
IR A5 W8 7 RS R HEAT VA2 ) o U S A 9 ) 2 ST R R
BRI RIEN, A BeIS BRI RF & IS st M RHE R s A BB HE B0 H (1, 4

28 3 LI 19 5] i 35 44 2035 5 5% T Sargent 7E2 [N A SR K2 2007 4EE VAL BII—FiE: “%
VL ZSUY (3 X P ELAGE SUTRA
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M Valiant (2000, 2008). 4HE &, XFh G Z RS J5 90 AN I AR
B, SRR E—5E 2.3 % H S 4 I A RS for M HE I 22 5 13RI AT AN TE

TFEEER], EREFRIENE IR, W A B A AT 2% 1) Z A F
X, AR I A A — P T B SEPG A9 2 3] R AR XU g o X R A
RS TN PAC ] MR it BRE BE S48 0 M K ESH e XN EE S
b eI E R R B e I A N R A S AR, I R BN S
B2 S AN RE R R FE S . LR HE, e A TH B R T R R B 72 - 5 4% )
AT R SR . ik, R T BN GRRE AR AEA Al 45 R . R AR
ZIUERIIZWME 28T . Seeger (2006) ¥4 A= > I FRBIFR N “i2WidEiunsl” o X
AN Z ALV R I RS R 7. NIRRT R IUIRE, JE
SCHERH R R IG N A AL R, T8RS BARSRR S ATt B2 . Rk, 228}
(1) 25 SR 1) 1) R AS & — ANV I R R, T2 R G i N A 90 /KT R o —
8

TN T BRAT TR X AT A LR 2 ) O VE S IR U S A R B . SR T K
S A — 2B . ARFRATTSE MO T N AN T o O B P I A —
AN 3 A7 AE I ) SR B R G, HRILAFE B A A A 00l = 3 o m e . iX—
DR AEAE R RT IR S I T AR RO £ 57 2 RN WG9 A AE A 48 b e il . FL 5L,
I FH 8 55 2 SRR A R — S DL R 9 R i A R B, RO S ARAT R [R] )
A IR R R 2R R R B AT EEAEE AT S TR AR
A EAE B M B O H AR & 0] ReA71E ARG U8 B AN e 1
G5 T IX IR AE AR TR B R G T ) YE I DAGE E AR I B S A
THHEWT 9 B O O Z BE T s 22 BR o, HEDAR B EATT R G AL B 1) 7 W A F B
DRI, 8 FH 38 LR S 2R . AL ES 2% 50 Fh s FE 00 R Bt 1 T 5 SR A
IR R, R B A5 R R R IR AR U U SR AR 11 4 SR gl L o
7, Wl Bajari etal (2015). MA &, HIER RS R PG =S B e T
PRI TR, Kb, MLESE SIME RAER AL R BOE B R AR & RIS BT R HOE
T 25 S I R AR — M rT 8 A BR B E SIAE S5, — PP T e il s e A 2K 2
I SUMERE RS (generalised additive model (GAM)) 20, DL {5 2 — N4 P R AR & 1K)
GAM 1|1

B3l y=a+ f1[2?=1 b1j(x1'x2)] + f2[2§=1 sz(xl,xz)] + et fp[ ?:1 bpj(xpxz)] L

A If (2R, by Oy, %) | FRENETT S B MRS, S0 B KO 3T DL A
s AN R B H R R R R (basis representations) K13 by (xy, x,) 4L . XL
BRI Z MR, BT LML EAR L, Wa] DL AL & 1 LB B
I ZEESA, WA LUR AR RN Z O, B R 5 TR E R XL R
BT EARCN RHERTE o CREEA, RFER T T B RUA I0E 2 O
o N TSEIE &SNNSR S TR, IR A0z, RHE
WIS IR AR . SO A A S B R E N A ek . EA X,
R TR RN, W3R R TS B R S AN RN 2 [ B B R AR Bl 2
SR BRI ER . BAR, X TR BT, R T RO FARAT R 2 e 3 P

29 HRl A 55 GAM HItHi#, T2 I, Hastie et al (2009, Chs 5 & 9). {EZFFit&2d, GAM Sz A
BT R AR IR R R . 540, 78 Cameron and Trivedi (2005, Ch9) H sl A xHiZ B ik . Bk 2, it
RN RN TR BB M Gert 5 ) TR AR, SRR AR T AES U R RTERE T
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S BB 2 2 o f B0 — MR I R LA B S A SRR SR S . 7
LUt EYEER T, XEREEWINESHGE. AN, X REENE
TH MR REAGT, AT RERBATRIAN ST EAER, HERY A
HIP LA p, REERFRMBIFHETIAERE .. MEARER, SR IELE
FI PR &, ORI, p AR AT RE K. WL, BERRHIRIT S
P43 AKX P AT 55 72 75 Bl Ik 22 B s AR Rk e R o 31X — 25 3] i R TR AR I e 36
AR SRR BV Esh. IERWL, BERiHEingen e
111 ), Shalev-Shwartz and Ben-David (2014, Ch25), 3 H#E “HFERR¥> (e HYE
5 FORF) ) BHTRATTIAE, Wi Goodfellow et al (2016). &2,
GAM Z A5 JEL14% e 5 J5 1) PAC m] 22 B N 22 48 505 4% 48 B O T 2 2 AFF 7 P 3
W AFLE BB R AU A LG AR AL T —5A AT 42

NTEFRATERE — T 220N -5 AT 5 T (1) e 8o X AN DA K Ay
KR T oA . IR A RE DL, 0T 7 e AE 22 W S B AR AE 7 b 5 B A% O
B EHEBBRAEWR. —KSMESITERE, 5% R RHE T = FIRFTHE S
[ — AR AR B S @A IR 12, S IR MR 25 (1998) . R — 2B AR s LAY
HENEOWITESES, BTAFITEEM AN FRERE. 5 %EEN 5P
ATNEREALINE . WE TSR KRR EN FHRZOIE, )G — KA Hps
&8 S B LW AT — SR AR AT I 4 R L AR AR B e . PR b )
TEEARREEU™E, (HRN B R EAR RGN E . MHLER2 T AL A,
BATRA MR TE XA E I SE B Z IS G MR R . BT P i TR ZE 15 1R
IS0, FRATH R MARZB IERHR T,

¥ ARDL 3 (3.1.3) AL HHERAE RSB e E ZHIRA . b B A AL
BB EARERSLLE, MNSHIIRREIRZE . 8 0SS 50
¥ ARDL BRI AR 2B IE R, a0

(3.3.2) Ay, = BolAx; + (a — 1) [y - %x] +é&, (a—1)<0
- t-1
= Bolx; +yly —kx]e—g t&, K= ﬁi%fl

T B Bo AT R ARE il o, FR R S T SBOE, e T AR DA i 1222 8 A ST 5 18 R0
IR : y = kx Z BN, v (v = (@ — 1) < 0) IR A EEZ 18 56 R Im s«
[y — rex]e—y FITUR BB RN . 5 (3.1.3) LB, (3.3.2) 8835 T o 1 S HU R 3 H SRR
TREMG IR WA E, BUSEMERAR T JREIEERIR B BT 2 i A2 sh 2
AT ] oy B APER R AR AN T KT e R S, A BRI . 2
ZHuct ARDL X (3.1.3) TS EHI R H . REWE, —BeR, BB T4a%RE
W& TR IR M SR AR E B B, ARDL(py, pp). A HERZZE ] S5
SE BT BOR Al T IR AN S L2 BBk . o2 R T 5 &R P il R A R
B, T DL e R AR B R 3R AR, AT RE SR EE ST THESRAS A 1S AR
R IAHT N A BR A HIX — X LY AT AT B4 A2 S AU HE ik . Elied A,
Tt % I AUE U IS Ky, 3 B35 T A R IR R IR N, 25 Bl R [ A B R AL

30 A SR WM RE T A0 AT ARG SRR B 2 B S A A FIBE 98 Hh R Z A IR B R AT AR TR A P s, AT &
Qin (2013, Ch4); A KM BT A sl S @B EAIRKIN 4, T2 I Gilbert (1986) -
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XS, WESTROGEREESZ, R B EUFE RIS s 2451
I RGBT . ik, PR AT TR B K R T AR B I S S RRHE
i IR e R v, BRREAT A BAR . & TP Pl A2 . oG T 22
WA . —& Engle-Granger BBk, %5 kR N A8 ) 32 k. 7 Engle-
Granger BBk, DU RS
(3.3.3) Ve =kx;+e, = ey =[y—kx]i4
ke ()35 3 fe /I —3vE: OLS AbiHEBEI 2 o —BUhihE. TGN 5 — &gk R
HT VAR B Johansen $PUE. DAZNE R, X PHFETIHEAE R B OC R BT I B
ANEFRAR R R GG R R, T ISR S, X —ZREARE .
BAE 3.1 Tk B, BT AR A 43 A0 1B P AR T — R B s A A 77
FAL, EEASAT T RS R sh A B E R IA . EE R AT, —
SERB VAR BRI X A A . Bk, DUXPREERA AT HE f e B TR XA 35 2
SEARAG KA RRA . T, BIRRE TR 30 @B AR 1
(3.3.2) AMUEMIEELE AR S b, 1o HIL 2 HAR B sh A A 2010 S8 B 7]
TR 2], 2 0 R B D 2R 25 (1998, Ch9) . HL A M, 2o 56 47 4f B 7Y 2%
ARDL(py, pg, -+, Dn) S HL 5 505 T 1) R 22 412 1E R AN 35 AT A B 2 B ) B 7 ARARR
€, WAEXT BN ESMMFRERE. B, BTEEEA MR ERIER Tk
55V E . B o 1R IR R 22 18 IE R0 RE Rt e 7 R A& S8 7 ik A, X Al
B S H KIS E o A5ME, RAREELL PR o T 15k I il B 5 A RS A

LG EFER, ATt 2R AHAHE S R 1% £ 0 RN 8 & s W A
WK . BN FIRAR T AR O RE O, (HRAERENE G, Hais
FEABE FEL P R 2 5 WL 2 ST B0 SO A AR A AR AL . 8 TV N IR 7 V4 B
FARE R FCRTEUAS I R, S T 2GR U N T 78 o 2242 L 2t g 2 ol X P g 2R A
A, FRATSC IO P 4k 2 4k R T 20050 A8 B I R A AR AL — D6 Bl L 20 A L X
—HIHELIAE T o WA E ST RN AR R BRATT,  SEERATAT B BT AT AN % R S
B ) DUTG A AR (N O R RO ST . AHRHE, MEZR Mg R T Hh B Al
ERE P TR, MARSHEEF TR EEERSMGE T H ., Wi it
A7 T8 B AR BT B BV U RIS R ST
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