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Bill van Zwet’s contributions to his profession are, in their own way,
comparable to his very substantial research, research supervision and teach-
ing contributions. He had several leadership roles in professional societies,
edited leading theoretical journals, started up or revived important confer-
ence series, founded a research center and played a huge role in providing
colleagues in Central and Eastern Europe access to the western world of prob-
ability and statistics. And to each of these several activities, he brought far-
sightedness, energy and wit, qualities that shone through when he was inter-
viewed about what he’d done (Statist. Sci. 24 (2009) 87-115). In fact, because
Bill provided a wealth of detail in “the interview,” this article focuses more
on the recollections of some of the people with whom he interacted.
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WILLEM VAN ZWET’S RESEARCH

BY PETER BICKEL"*?, MARTA Fiocco???, MATHISCA DE GUNST>*? AND
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3Department of Mathematics, Vrije Universiteit Amsterdam, m.c.m.de. gunst@vu.nl
4Faculty of Mathematics, University of Bielefeld, ??goetze@math. uni-bielefeld.de

Willem van Zwet made deep and influential contributions to probability
and statistics, which we review in this paper. Bickel and Gotze collaborated
with him on his major contributions to higher order asymptotics of nonlinear
statistics and on resampling and the bootstrap. We relate this work to his re-
markable development of the properties of the Hoeffding expansion for sym-
metric statistics as well as Fourier analytic tools. Fiocco and De Gunst were
his students. We describe how in their theses and subsequent papers with him
they developed statistical inference in two subtle stochastic models, the con-
tact process and cell population development under a plausible regime. We
also touch on his solutions of intriguing problems not related directly to his
main interests.
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We study the problem of independence testing given independent and
identically distributed pairs taking values in a o-finite, separable measure
space. Defining a natural measure of dependence D(f) as the squared L2-
distance between a joint density f and the product of its marginals, we first
show that there is no valid test of independence that is uniformly consistent
against alternatives of the form {f : D(f) > 02}. We therefore restrict at-
tention to alternatives that impose additional Sobolev-type smoothness con-
straints, and define a permutation test based on a basis expansion and a U-
statistic estimator of D(f) that we prove is minimax optimal in terms of its
separation rates in many instances. Finally, for the case of a Fourier basis on
[0, 112, we provide an approximation to the power function that offers several
additional insights. Our methodology is implemented in the R package USP.
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VARIABLE SELECTION CONSISTENCY OF GAUSSIAN PROCESS
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Bayesian nonparametric regression under a rescaled Gaussian process
prior offers smoothness-adaptive function estimation with near minimax-
optimal error rates. Hierarchical extensions of this approach, equipped with
stochastic variable selection, are known to also adapt to the unknown intrinsic
dimension of a sparse true regression function. But it remains unclear if such
extensions offer variable selection consistency, that is, if the true subset of im-
portant variables could be consistently learned from the data. It is shown here
that variable consistency may indeed be achieved with such models at least
when the true regression function has finite smoothness to induce a polynomi-
ally larger penalty on inclusion of false positive predictors. Our result covers
the high-dimensional asymptotic setting where the predictor dimension is al-
lowed to grow with the sample size. The proof utilizes Schwartz theory to
establish that the posterior probability of wrong selection vanishes asymptot-
ically. A necessary and challenging technical development involves providing
sharp upper and lower bounds to small ball probabilities at all rescaling levels
of the Gaussian process prior, a result that could be of independent interest.
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Spectral clustering is one of the most popular algorithms to group high-
dimensional data. It is easy to implement and computationally efficient. De-
spite its popularity and successful applications, its theoretical properties have
not been fully understood. In this paper, we show that spectral clustering is
minimax optimal in the Gaussian mixture model with isotropic covariance
matrix, when the number of clusters is fixed and the signal-to-noise ratio is
large enough. Spectral gap conditions are widely assumed in the literature to
analyze spectral clustering. On the contrary, these conditions are not needed
to establish optimality of spectral clustering in this paper.
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Proposed by Donoho (Ann. Statist. 25 (1997) 1870-1911), Dyadic CART
is a nonparametric regression method which computes a globally optimal
dyadic decision tree and fits piecewise constant functions in two dimensions.
In this article, we define and study Dyadic CART and a closely related esti-
mator, namely Optimal Regression Tree (ORT), in the context of estimating
piecewise smooth functions in general dimensions in the fixed design setup.
More precisely, these optimal decision tree estimators fit piecewise polyno-
mials of any given degree. Like Dyadic CART in two dimensions, we reason
that these estimators can also be computed in polynomial time in the sample
size N via dynamic programming. We prove oracle inequalities for the finite
sample risk of Dyadic CART and ORT, which imply tight risk bounds for sev-
eral function classes of interest. First, they imply that the finite sample risk of
ORT of order r > 0 is always bounded by Ck IOI%N whenever the regression
function is piecewise polynomial of degree r on some reasonably regular axis
aligned rectangular partition of the domain with at most k rectangles. Beyond
the univariate case, such guarantees are scarcely available in the literature
for computationally efficient estimators. Second, our oracle inequalities un-
cover minimax rate optimality and adaptivity of the Dyadic CART estimator
for function spaces with bounded variation. We consider two function spaces
of recent interest where multivariate total variation denoising and univariate
trend filtering are the state of the art methods. We show that Dyadic CART
enjoys certain advantages over these estimators while still maintaining all
their known guarantees.
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Multivariate extreme value theory is concerned with modeling the joint
tail behavior of several random variables. Existing work mostly focuses on
asymptotic dependence, where the probability of observing a large value in
one of the variables is of the same order as observing a large value in all vari-
ables simultaneously. However, there is growing evidence that asymptotic
independence is equally important in real world applications. Available sta-
tistical methodology in the latter setting is scarce and not well understood the-
oretically. We revisit nonparametric estimation and introduce rank-based M-
estimators for parametric models that simultaneously work under asymptotic
dependence and asymptotic independence, without requiring prior knowledge
on which of the two regimes applies. Asymptotic normality of the proposed
estimators is established under weak regularity conditions. We further show
how bivariate estimators can be leveraged to obtain parametric estimators in
spatial tail models, and again provide a thorough theoretical justification for
our approach.
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REDUCTION AND ASYMPTOTIC EFFICIENCY

BY VLADIMIR KOLTCHINSKII>k AND MAYYA ZHILOVAT
School of Mathematics, Georgia Institute of Technology, *vlad@math.gatech.edu, Tmzhiluva@math.gatech.edu

Let Xq,..., X; be i.i.d. random variables sampled from a normal distri-
bution N (i, ¥) in R with unknown parameter 0 = (i, X) € © := R x Ci,
where Cf'f_ is the cone of positively definite covariance operators in R4 Given
a smooth functional f : © R!, the goal is to estimate f(0) based on
Xi,...,Xp. Let

O;d): =R x[£ecl a(D)Cll/a,al}, a>1,

where o (X) is the spectrum of covariance ¥. Let 0 := (i, fl), where [1 is
the sample mean and S is the sample covariance, based on the observations
X1, ..., Xn. For an arbitrary functional f € C5(®),s =k+1+4+p0,k>0,p €
(0, 1], we define a functional f; : ® > R such that

N a d\S
sup [ fe® — £0) Sop I llesce [(vaﬂs(\[) )Al},
968(5;‘1)\\ k FOl L@y Ss.8 1fllcs @) NG "

where 8 =1 for k =0 and B8 > s — 1 is arbitrary for k > 1. This error rate is
minimax optimal and similar bounds hold for more general loss functions. If
d =d, <n* for some o € (0,1) and s > ﬁ, the rate becomes O(nfl/z).

1

Moreover, for s > 1=, the estimator f (6) is shown to be asymptotically

efficient. The crucial part of the construction of estimator fi (9) is a bias
reduction method studied in the paper for more general statistical models
than normal.
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Additive regression is studied in a very general setting where both the
response and predictors are allowed to be non-Euclidean. The response takes
values in a general separable Hilbert space, whereas the predictors take values
in general semimetric spaces, which covers a very wide range of nonstan-
dard response variables and predictors. A general framework of estimating
additive models is presented for semimetric space-valued predictors. In par-
ticular, full details of implementation and the corresponding theory are given
for predictors taking values in Hilbert spaces and/or Riemannian manifolds.
The existence of the estimators, convergence of a backfitting algorithm, rates
of convergence and asymptotic distributions of the estimators are discussed.
The finite sample performance of the estimators is investigated by means of
two simulation studies. Finally, three data sets covering several types of non-
Euclidean data are analyzed to illustrate the usefulness of the proposed gen-
eral approach.
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Entropy integrals are widely used as a powerful empirical process tool
to obtain upper bounds for the rates of convergence of global empirical risk
minimizers (ERMs), in standard settings such as density estimation and re-
gression. The upper bound for the convergence rates thus obtained typically
matches the minimax lower bound when the entropy integral converges, but
admits a strict gap compared to the lower bound when it diverges. Birgé
and Massart (Probab. Theory Related Fields 97 (1993) 113-150) provided
a striking example showing that such a gap is real with the entropy struc-
ture alone: for a variant of the natural Holder class with low regularity, the
global ERM actually converges at the rate predicted by the entropy integral
that substantially deviates from the lower bound. The counter-example has
spawned a long-standing negative position on the use of global ERMs in the
regime where the entropy integral diverges, as they are heuristically believed
to converge at a suboptimal rate in a variety of models.

The present paper demonstrates that this gap can be closed if the models
admit certain degree of “set structures” in addition to the entropy structure.
In other words, the global ERMs in such set structured models will indeed
be rate-optimal, matching the lower bound even when the entropy integral
diverges. The models with set structures we investigate include (i) image and
edge estimation, (ii) binary classification, (iii) multiple isotonic regression,
(iv) s-concave density estimation, all in general dimensions when the entropy
integral diverges. Here, set structures are interpreted broadly in the sense that
the complexity of the underlying models can be essentially captured by the
size of the empirical process over certain class of measurable sets, for which
matching upper and lower bounds are obtained to facilitate the derivation of
sharp convergence rates for the associated global ERMs.
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For multivariate distributions in the domain of attraction of a max-stable
distribution, the tail copula and the stable tail dependence function are equiv-
alent ways to capture the dependence in the upper tail. The empirical ver-
sions of these functions are rank-based estimators whose inflated estimation
errors are known to converge weakly to a Gaussian process that is similar in
structure to the weak limit of the empirical copula process. We extend this
multivariate result to continuous functional data by establishing the asymp-
totic normality of the estimators of the tail copula, uniformly over all finite
subsets of at most D points (D fixed). An application for testing tail copula
stationarity is presented. The main tool for deriving the result is the uniform
asymptotic normality of all the D-variate tail empirical processes. The proof
of the main result is nonstandard.
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Two-stage enrichment designs can be used to target the benefiting pop-
ulation in clinical trials based on patients’ biomarkers. In the case of contin-
uous biomarkers, we show that using a bivariate model that treats biomark-
ers as random variables more accurately identifies a treatment-benefiting en-
riched population than assuming biomarkers are fixed. Additionally, we show
that under the bivariate model, the maximum likelihood estimators (MLEs)
follow a randomly scaled mixture of normal distributions. Using random
normings, we obtain asymptotically standard normal MLEs and construct
hypothesis tests. Finally, in a simulation study, we demonstrate that our pro-
posed design is more powerful than a single stage design when outcomes and
biomarkers are correlated; the model-based estimators have smaller bias and
mean square error (MSE) than weighted average estimators.
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In matrix-valued datasets the sampled matrices often exhibit correlations
among both their rows and their columns. A useful and parsimonious model
of such dependence is the matrix normal model, in which the covariances
among the elements of a random matrix are parameterized in terms of the
Kronecker product of two covariance matrices, one representing row covari-
ances and one representing column covariance. An appealing feature of such
a matrix normal model is that the Kronecker covariance structure allows for
standard likelihood inference even when only a very small number of data
matrices is available. For instance, in some cases a likelihood ratio test of
dependence may be performed with a sample size of one. However, more
generally the sample size required to ensure boundedness of the matrix nor-
mal likelihood or the existence of a unique maximizer depends in a compli-
cated way on the matrix dimensions. This motivates the study of how large
a sample size is needed to ensure that maximum likelihood estimators exist,
and exist uniquely with probability one. Our main result gives precise sample
size thresholds in the paradigm where the number of rows and the number
of columns of the data matrices differ by at most a factor of two. Our proof
uses invariance properties that allow us to consider data matrices in canonical
form, as obtained from the Kronecker canonical form for matrix pencils.
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We establish adaptive results for trend filtering: least squares estimation
with a penalty on the total variation of (k — 1)th order differences. Our ap-
proach is based on combining a general oracle inequality for the £1-penalized
least squares estimator with “interpolating vectors” to upper bound the “ef-
fective sparsity.” This allows one to show that the £ -penalty on the kth order
differences leads to an estimator that can adapt to the number of jumps in
the (k — 1)th order differences of the underlying signal or an approximation
thereof. We show the result for k£ € {1, 2, 3,4} and indicate how it could be
derived for general k € N.
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In time series analysis there is an apparent dichotomy between time and
frequency domain methods. The aim of this paper is to draw connections be-
tween frequency and time domain methods. Our focus will be on reconciling
the Gaussian likelihood and the Whittle likelihood. We derive an exact, in-
terpretable, bound between the Gaussian and Whittle likelihood of a second
order stationary time series. The derivation is based on obtaining the trans-
formation which is biorthogonal to the discrete Fourier transform of the time
series. Such a transformation yields a new decomposition for the inverse of
a Toeplitz matrix and enables the representation of the Gaussian likelihood
within the frequency domain. We show that the difference between the Gaus-
sian and Whittle likelihood is due to the omission of the best linear predic-
tions outside the domain of observation in the periodogram associated with
the Whittle likelihood. Based on this result, we obtain an approximation for
the difference between the Gaussian and Whittle likelihoods in terms of the
best fitting, finite order autoregressive parameters. These approximations are
used to define two new frequency domain quasi-likelihood criteria. We show
that these new criteria can yield a better approximation of the spectral diver-
gence criterion, as compared to both the Gaussian and Whittle likelihoods.
In simulations, we show that the proposed estimators have satisfactory finite
sample properties.
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Inference after model selection has been an active research topic in the
past few years, with numerous works offering different approaches to ad-
dressing the perils of the reuse of data. In particular, major progress has
been made recently on large and useful classes of problems by harnessing
general theory of hypothesis testing in exponential families, but these meth-
ods have their limitations. Perhaps most immediate is the gap between the-
ory and practice: implementing the exact theoretical prescription in realistic
situations—for example, when new data arrives and inference needs to be ad-
justed accordingly—may be a prohibitive task. In this paper, we propose a
Bayesian framework for carrying out inference after variable selection. Our
framework is very flexible in the sense that it naturally accommodates dif-
ferent models for the data instead of requiring a case-by-case treatment. This
flexibility is achieved by considering the full selective likelihood function
where, crucially, we propose a novel and nontrivial approximation to the ex-
act but intractable expression. The advantages of our methods in practical
data analysis are demonstrated in an application to HIV drug-resistance data.
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Privacy-preserving data analysis is a rising challenge in contemporary
statistics, as the privacy guarantees of statistical methods are often achieved at
the expense of accuracy. In this paper, we investigate the tradeoff between sta-
tistical accuracy and privacy in mean estimation and linear regression, under
both the classical low-dimensional and modern high-dimensional settings.
A primary focus is to establish minimax optimality for statistical estimation
with the (¢, §)-differential privacy constraint. By refining the “tracing adver-
sary” technique for lower bounds in the theoretical computer science litera-
ture, we improve existing minimax lower bound for low-dimensional mean
estimation and establish new lower bounds for high-dimensional mean esti-
mation and linear regression problems. We also design differentially private
algorithms that attain the minimax lower bounds up to logarithmic factors.
In particular, for high-dimensional linear regression, a novel private itera-
tive hard thresholding algorithm is proposed. The numerical performance of
differentially private algorithms is demonstrated by simulation studies and
applications to real data sets.
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This paper considers distributed statistical inference for general sym-
metric statistics in the context of massive data with efficient computation.
Estimation efficiency and asymptotic distributions of the distributed statis-
tics are provided, which reveal different results between the nondegenerate
and degenerate cases, and show the number of the data subsets plays an im-
portant role. Two distributed bootstrap methods are proposed and analyzed
to approximation the underlying distribution of the distributed statistics with
improved computation efficiency over existing methods. The accuracy of the
distributional approximation by the bootstrap are studied theoretically. One
of the methods, the pseudo-distributed bootstrap, is particularly attractive if
the number of datasets is large as it directly resamples the subset-based statis-
tics, assumes less stringent conditions and its performance can be improved
by studentization.
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A considerable portion of the work on mixed orthogonal arrays applies
specifically to arrays of strength 2. Although strength r = 2 is arguably the
most important case for statistical applications, there is an urgent need for
better methods for + > 3. However, the knowledge on the existence of ar-
rays for ¢+ > 3 is rather limited. In this paper, new construction methods for
symmetric and asymmetric orthogonal arrays (OAs) with high strength are
proposed by using lower strength orthogonal partitions of spaces and OAs.
A positive answer is provided to the open problem in Hedayat, Sloane and
Stufken (Orthogonal Arrays: Theory and Applications (1999) Springer) on
developing better methods and tools for the construction of mixed orthogonal
arrays with strength # > 3. Not only are the methods straightforward, but also
they are useful for constructing symmetric or asymmetric OAs of arbitrary
strengths, numbers of levels and various sizes. The constructed OAs can be
utilized to generate more OAs. The resulting OAs have a high degree of flex-
ibility and many other desirable properties. Some selective OAs are tabulated
for practical uses.
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Structural causal models (SCMs), also known as (nonparametric) struc-
tural equation models (SEMs), are widely used for causal modeling purposes.
In particular, acyclic SCMs, also known as recursive SEMs, form a well-
studied subclass of SCMs that generalize causal Bayesian networks to allow
for latent confounders. In this paper, we investigate SCMs in a more gen-
eral setting, allowing for the presence of both latent confounders and cycles.
We show that in the presence of cycles, many of the convenient properties
of acyclic SCMs do not hold in general: they do not always have a solution;
they do not always induce unique observational, interventional and counter-
factual distributions; a marginalization does not always exist, and if it exists
the marginal model does not always respect the latent projection; they do not
always satisfy a Markov property; and their graphs are not always consistent
with their causal semantics. We prove that for SCMs in general each of these
properties does hold under certain solvability conditions. Our work general-
izes results for SCMs with cycles that were only known for certain special
cases so far. We introduce the class of simple SCMs that extends the class of
acyclic SCMs to the cyclic setting, while preserving many of the convenient
properties of acyclic SCMs. With this paper, we aim to provide the founda-
tions for a general theory of statistical causal modeling with SCMs.

REFERENCES

BALKE, A. and PEARL, J. (1994). Probabilistic evaluation of counterfactual queries. In Proceedings of the
Twelfth National Conference on Artificial Intelligence (AAAI-94) 1 230-237. AAAI Press, Menlo Park.

BECKERS, S. and HALPERN, J. Y. (2019). Abstracting causal models. In Proceedings of the Thirty-Third
AAAI Conference on Artificial Intelligence (AAAI-19) 33 2678-2685. AAAI Press, Menlo Park.

BLowm, T., BONGERS, S. and Moo, J. M. (2019). Beyond structural causal models: Causal constraints
models. In Proceedings of the 35th Conference on Uncertainty in Artificial Intelligence (UAI-19)
(R. P. Adams and V. Gogate, eds.). AUAI Press.

BOLLEN, K. A. (1989). Structural Equations with Latent Variables. Wiley Series in Probability and Mathe-
matical Statistics: Applied Probability and Statistics. Wiley, New York. MR0996025 https://doi.org/10.
1002/9781118619179

BONGERS, S., BLoM, T. and Moow, J. M. (2021). Causal modeling of dynamical systems. Preprint.
Available at arXiv:1803.08784v3 [cs.Al].

BONGERS, S., FORRE, P., PETERS, J. and Moo1J, J. M. (2021). Supplement to “Foundations of structural
causal models with cycles and latent variables.” https://doi.org/10.1214/21- AOS2064SUPP

BUHLMANN, P., PETERS, J. and ERNEST, J. (2014). CAM: Causal additive models, high-dimensional
order search and penalized regression. Ann. Statist. 42 2526-2556. MR3277670 https://doi.org/10.
1214/14- A0S1260

BYRNE, R. M. J. (2007). The Rational Imagination: How People Create Alternatives to Reality. A Bradford
Book. MIT Press, Cambridge, MA.

MSC2020 subject classifications. Primary 62A09, 68T30; secondary 68T37.
Key words and phrases. Structural causal models, causal graph, cycles, interventions, counterfactuals, solv-

ability, Markov properties, marginalization.


https://imstat.org/journals-and-publications/annals-of-statistics/
https://doi.org/10.1214/21-AOS2064
http://www.imstat.org
mailto:s.r.bongers@uva.nl
mailto:p.d.forre@uva.nl
mailto:jonas.peters@math.ku.dk
mailto:j.m.mooij@uva.nl
http://www.ams.org/mathscinet-getitem?mr=0996025
https://doi.org/10.1002/9781118619179
http://arxiv.org/abs/arXiv:1803.08784v3
https://doi.org/10.1214/21-AOS2064SUPP
http://www.ams.org/mathscinet-getitem?mr=3277670
https://doi.org/10.1214/14-AOS1260
https://mathscinet.ams.org/mathscinet/msc/msc2020.html
https://doi.org/10.1002/9781118619179
https://doi.org/10.1214/14-AOS1260

(91

[10]
[11]

[12]

[13]

[14]
[15]
[16]
[17]

(18]

[19]

(20]

(21]
(22]

(23]

(24]

[25]

(26]
[27]
(28]

[29]

(30]

(31]

(32]

COOPER, G. F. (1997). A simple constraint-based algorithm for efficiently mining observational databases
for causal relationships. Data Min. Knowl. Discov. 1 203-224.

DAWID, A. P. (2002). Influence diagrams for causal modelling and inference. /nt. Stat. Rev. 70 161-189.

DUNCAN, O. D. (1975). Introduction to Structural Equation Models: Studies in Population. Academic
Press, New York. MR0398558

EATON, D. and MURPHY, K. (2007). Exact Bayesian structure learning from uncertain interventions.
In Proceedings of the Eleventh International Conference on Artificial Intelligence and Statistics
(M. Meila and X. Shen, eds.). Proceedings of Machine Learning Research 2 107-114.

EBERHARDT, F., HOYER, P. and SCHEINES, R. (2010). Combining experiments to discover linear cyclic
models with latent variables. In Proceedings of the Thirteenth International Conference on Artificial
Intelligence and Statistics (Y. W. Teh and M. Titterington, eds.). Proceedings of Machine Learning
Research 9 185-192.

EvANs, R. J. (2016). Graphs for margins of Bayesian networks. Scand. J. Stat. 43 625-648. MR3543314
https://doi.org/10.1111/sjos.12194

EVANS, R. J. (2018). Margins of discrete Bayesian networks. Ann. Statist. 46 2623-2656. MR3851750
https://doi.org/10.1214/17- A0S 1631

FISHER, F. M. (1970). A correspondence principle for simultaneous equation models. Econometrica 38
73-92.

FORRE, P. and Moo, J. M. (2017). Markov properties for graphical models with cycles and latent vari-
ables. Preprint. Available at arXiv:1710.08775 [math.ST].

FORRE, P. and Moo1J, J. M. (2018). Constraint-based causal discovery for non-linear structural causal
models with cycles and latent confounders. In Proceedings of the 34th Conference on Uncertainty in
Artificial Intelligence (UAI-18) (A. Globerson and R. Silva, eds.). AUAI Press.

FORRE, P. and Moo, J. M. (2019). Causal calculus in the presence of cycles, latent confounders and
selection bias. In Proceedings of the 35th Conference on Uncertainty in Artificial Intelligence (UAI-
19) (R. P. Adams and V. Gogate, eds.). AUAI Press.

FOYGEL, R., DRAISMA, J. and DRTON, M. (2012). Half-trek criterion for generic identifiability of lin-
ear structural equation models. Ann. Statist. 40 1682-1713. MR3015040 https://doi.org/10.1214/
12-A0S1012

GOLDBERGER, A. S. and DUNCAN, O. D. (1973). Structural Equation Models in the Social Sciences.
Seminar Press, New York.

HAAVELMO, T. (1943). The statistical implications of a system of simultaneous equations. Econometrica
11 1-12. MR0007954 https://doi.org/10.2307/1905714

HALPERN, J. (1998). Axiomatizing causal reasoning. In Proceedings of the Fourteenth Conference on Un-
certainty in Artificial Intelligence (UAI-98) (G. Cooper and S. Moral, eds.) 202-210. Morgan Kauf-
mann, San Francisco, CA, USA.

HYTTINEN, A., EBERHARDT, F. and HOYER, P. O. (2012). Learning linear cyclic causal models with latent
variables. J. Mach. Learn. Res. 13 3387-3439. MR3005891

HYTTINEN, A., HOYER, P. O., EBERHARDT, F. and JARVISALO, M. (2013). Discovering cyclic causal
models with latent variables: A general SAT-based procedure. In Proceedings of the Twenty-Ninth
Conference on Uncertainty in Artificial Intelligence (UAI-13) (A. Nicholson and P. Smyth, eds.) 301—
310. AUAI Press, Corvallis, OR, USA.

IWASAKI, Y. and SIMON, H. A. (1994). Causality and model abstraction. Artificial Intelligence 67 143—194.
MR1281657 https://doi.org/10.1016/0004-3702(94)90014-0

KECHRIS, A. S. (1995). Classical Descriptive Set Theory. Graduate Texts in Mathematics 156. Springer,
New York. MR1321597 https://doi.org/10.1007/978-1-4612-4190-4

KOSTER, J. T. A. (1996). Markov properties of nonrecursive causal models. Ann. Statist. 24 2148-2177.
MR1421166 https://doi.org/10.1214/a0s/1069362315

KOSTER, J. T. A. (1999). On the validity of the Markov interpretation of path diagrams of Gaus-
sian structural equations systems with correlated errors. Scand. J. Stat. 26 413—-431. MR1712043
https://doi.org/10.1111/1467-9469.00157

LACERDA, G., SPIRTES, P. L., RAMSEY, J. and HOYER, P. O. (2008). Discovering cyclic causal models
by independent components analysis. In Proceedings of the Twenty-Fourth Conference on Uncertainty
in Artificial Intelligence (UAI-08) (D. McAllester and P. Myllymaki, eds.) 366-374. AUAI Press, Cor-
vallis, OR, USA.

LAURITZEN, S. L. (1996). Graphical Models. Oxford Statistical Science Series 17. Clarendon Press, Ox-
ford. MR1419991

LAURITZEN, S. L., DAWID, A. P., LARSEN, B. N. and LEIMER, H. G. (1990). Independence properties of
directed Markov fields. Networks 20 491-505. MR 1064735 https://doi.org/10.1002/net.3230200503


http://www.ams.org/mathscinet-getitem?mr=0398558
http://www.ams.org/mathscinet-getitem?mr=3543314
https://doi.org/10.1111/sjos.12194
http://www.ams.org/mathscinet-getitem?mr=3851750
https://doi.org/10.1214/17-AOS1631
http://arxiv.org/abs/arXiv:1710.08775
http://www.ams.org/mathscinet-getitem?mr=3015040
https://doi.org/10.1214/12-AOS1012
http://www.ams.org/mathscinet-getitem?mr=0007954
https://doi.org/10.2307/1905714
http://www.ams.org/mathscinet-getitem?mr=3005891
http://www.ams.org/mathscinet-getitem?mr=1281657
https://doi.org/10.1016/0004-3702(94)90014-0
http://www.ams.org/mathscinet-getitem?mr=1321597
https://doi.org/10.1007/978-1-4612-4190-4
http://www.ams.org/mathscinet-getitem?mr=1421166
https://doi.org/10.1214/aos/1069362315
http://www.ams.org/mathscinet-getitem?mr=1712043
https://doi.org/10.1111/1467-9469.00157
http://www.ams.org/mathscinet-getitem?mr=1419991
http://www.ams.org/mathscinet-getitem?mr=1064735
https://doi.org/10.1002/net.3230200503
https://doi.org/10.1214/12-AOS1012

(33]
[34]
(35]
(36]
(37]

(38]

(39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

(50]

[51]

[52]

(53]

[54]

[55]

[56]

LEwis, D. K. (1979). Counterfactual dependence and time’s arrow. Noiis 13 455-476. https://doi.org/10.
2307/2215339

MAATHUIS, M. H., KALISCH, M. and BUHLMANN, P. (2009). Estimating high-dimensional interven-
tion effects from observational data. Ann. Statist. 37 3133-3164. MR2549555 https://doi.org/10.1214/
09-A0S685

MANI, S. (2006). A Bayesian local causal discovery framework. PhD thesis, Univ. Pittsburg.

MASON, S. J. (1953). Feedback theory—Some properties of signal flow graphs. In Proceedings of the IRE
41 1144-1156. IEEE.

MASON, S. J. (1956). Feedback theory—Further properties of signal flow graphs. In Proceedings of the IRE
44 920-926. IEEE.

MEEK, C. (1995). Strong completeness and faithfulness in Bayesian networks. In Proceedings of the
Eleventh Conference on Uncertainty in Artificial Intelligence (UAI-95) (P. Besnard and S. Hanks, eds.)
411-418. Morgan Kaufmann, San Francisco, CA, USA.

MOGENSEN, S. W. and HANSEN, N. R. (2020). Markov equivalence of marginalized local independence
graphs. Ann. Statist. 48 539-559. MR4065173 https://doi.org/10.1214/19-A0S1821

MOGENSEN, S. W., MALINSKY, D. and HANSEN, N. R. (2018). Causal learning for partially observed
stochastic dynamical systems. In Proceedings of the Thirty-Fourth Conference on Uncertainty in Arti-
ficial Intelligence (UAI-18) (A. Globerson and R. Silva, eds.) AUAI Press.

Moo1s, J. M. and CLAASSEN, T. (2020). Constraint-based causal discovery using partial ancestral graphs in
the presence of cycles. In Proceedings of the 36th Conference on Uncertainty in Artificial Intelligence
(UAI-20) (J. Peters and D. Sontag, eds.) 124 1159-1168. PMLR.

Moo, J. M. and HESKES, T. (2013). Cyclic causal discovery from continuous equilibrium data. In Pro-
ceedings of the 29th Conference on Uncertainty in Artificial Intelligence (UAI-13) (A. Nicholson and
P. Smyth, eds.) 431-439. AUAI Press, Corvallis, OR, USA.

Moo, J. M., JANZING, D. and SCHOLKOPF, B. (2013). From ordinary differential equations to struc-
tural causal models: The deterministic case. In Proceedings of the 29th Conference on Uncertainty in
Artificial Intelligence (UAI-13) (A. Nicholson and P. Smyth, eds.) 440—448. AUAI Press.

Moo, J. M., MAGLIACANE, S. and CLAASSEN, T. (2020). Joint causal inference from multiple contexts.
J. Mach. Learn. Res. 21 Paper No. 99, 108. MR4119167

Moo, J. M., PETERS, J., JANZING, D., ZSCHEISCHLER, J. and SCHOLKOPF, B. (2016). Distinguishing
cause from effect using observational data: Methods and benchmarks. J. Mach. Learn. Res. 17 Paper
No. 32, 102. MR3491126

NEAL, R. M. (2000). On deducing conditional independence from d-separation in causal graphs with feed-
back. J. Artificial Intelligence Res. 12 87-91. MR1745047 https://doi.org/10.1613/jair.689

PEARL, J. (1985). A constraint propagation approach to probabilistic reasoning. In Proceedings of the First
Conference on Uncertainty in Artificial Intelligence (UAI-85) (L. Kanal and J. Lemmer, eds.) 31-42.
AUALI Press, Corvallis, OR, USA.

PEARL, J. (2009). Causality: Models, Reasoning, and Inference, 2nd ed. Cambridge Univ. Press, Cambridge.
MR2548166 https://doi.org/10.1017/CB09780511803161

PEARL, J. and DECHTER, R. (1996). Identifying independence in causal graphs with feedback. In Pro-
ceedings of the Twelfth Conference on Uncertainty in Artificial Intelligence (UAI-96) (E. Horvitz and
F. Jensen, eds.) 420-426. Morgan Kaufmann, San Francisco, CA, USA.

PEARL, J. and MACKENZIE, D. (2018). The Book of Why: The New Science of Cause and Effect. Basic
Books, New York. MR3791446

PETERS, J., JANZING, D. and SCHOLKOPF, B. (2017). Elements of Causal Inference: Foundations and
Learning Algorithms. Adaptive Computation and Machine Learning. MIT Press, Cambridge, MA.
MR3822088

PETERS, J., Moo, J. M., JANZING, D. and SCHOLKOPF, B. (2014). Causal discovery with continuous
additive noise models. J. Mach. Learn. Res. 15 2009-2053. MR3231600

PFISTER, N., BAUER, S. and PETERS, J. (2019). Learning stable and predictive structures in kinetic
systems. Proc. Natl. Acad. Sci. USA 116 25405-25411. MR4047351 https://doi.org/10.1073/pnas.
1905688116

RICHARDSON, T. (2003). Markov properties for acyclic directed mixed graphs. Scand. J. Stat. 30 145-157.
MR 1963898 https://doi.org/10.1111/1467-9469.00323

RICHARDSON, T. and SPIRTES, P. (1999). Automated discovery of linear feedback models. In Computation,
Causation, and Discovery (C. Glymour and G. F. Cooper, eds.) 253-302. AAAI Press, Menlo Park,
CA. MR1696455

RICHARDSON, T. and SPIRTES, P. (2002). Ancestral graph Markov models. Ann. Statist. 30 962—-1030.
MR1926166 https://doi.org/10.1214/a0s/1031689015


https://doi.org/10.2307/2215339
http://www.ams.org/mathscinet-getitem?mr=2549555
https://doi.org/10.1214/09-AOS685
http://www.ams.org/mathscinet-getitem?mr=4065173
https://doi.org/10.1214/19-AOS1821
http://www.ams.org/mathscinet-getitem?mr=4119167
http://www.ams.org/mathscinet-getitem?mr=3491126
http://www.ams.org/mathscinet-getitem?mr=1745047
https://doi.org/10.1613/jair.689
http://www.ams.org/mathscinet-getitem?mr=2548166
https://doi.org/10.1017/CBO9780511803161
http://www.ams.org/mathscinet-getitem?mr=3791446
http://www.ams.org/mathscinet-getitem?mr=3822088
http://www.ams.org/mathscinet-getitem?mr=3231600
http://www.ams.org/mathscinet-getitem?mr=4047351
https://doi.org/10.1073/pnas.1905688116
http://www.ams.org/mathscinet-getitem?mr=1963898
https://doi.org/10.1111/1467-9469.00323
http://www.ams.org/mathscinet-getitem?mr=1696455
http://www.ams.org/mathscinet-getitem?mr=1926166
https://doi.org/10.1214/aos/1031689015
https://doi.org/10.2307/2215339
https://doi.org/10.1214/09-AOS685
https://doi.org/10.1073/pnas.1905688116

[57]

(58]

[59]

[60]

[61]
[62]

[63]
[64]
[65]
[66]

[67]

[68]

[69]

[70]
[71]

[72]

[73]

[74]
[75]

RICHARDSON, T. S. (1996). A discovery algorithm for directed cyclic graphs. In Proceedings of the Twelfth
Conference on Uncertainty in Artificial Intelligence (UAI-96) (E. Horvitz and F. Jensen, eds.) 454-461.
Morgan Kaufmann, San Francisco, CA, USA. MR1617227

RICHARDSON, T. S. (1996). Discovering cyclic causal structure. Technical Report No. CMU-PHIL-68,
Carnegie Mellon Univ.

RICHARDSON, T. S. (1996). Models of feedback: Interpretation and discovery. Ph.D. thesis, Carnegie Mel-
lon Univ.

RICHARDSON, T. S. and ROBINS, J. (2013). Single world intervention graphs (SWIGs): A unification of the
counterfactual and graphical approaches to causality. Technical Report No. 128, Center for Statistics
and the Social Sciences.

ROESE, N. J. (1997). Counterfactual thinking. Psychol. Bull. 121 133-148.

RUBENSTEIN, P. K., WEICHWALD, S., BONGERS, S., Moo, J. M., JANZING, D., GROSSE-
WENTRUP, M. and SCHOLKOPF, B. (2017). Causal consistency of structural equation models. In
Proceedings of the 33rd Conference on Uncertainty in Artificial Intelligence (UAI-17) (G. Elidan and
K. Kersting, eds.). AUAI Press.

RUBIN, D. B. (1974). Estimating causal effects of treatments in randomized and nonrandomized studies.
J. Educ. Psychol. 66 688-701.

SHPITSER, I. and PEARL, J. (2008). Complete identification methods for the causal hierarchy. J. Mach.
Learn. Res. 9 1941-1979. MR2447308

SPIRTES, P. (1993). Directed cyclic graphs, conditional independence, and non-recursive linear structural
equation models. Technical Report No. CMU-PHIL-35, Carnegie Mellon Univ.

SPIRTES, P. (1994). Conditional independence in directed cyclic graphical models for feedback. Technical
Report No. CMU-PHIL-54, Carnegie Mellon Univ.

SPIRTES, P. (1995). Directed cyclic graphical representations of feedback models. In Proceedings of the
Eleventh Conference on Uncertainty in Artificial Intelligence (UAI-95) (P. Besnard and S. Hanks, eds.)
499-506. Morgan Kaufmann, San Francisco, CA, USA.

SPIRTES, P., GLYMOUR, C. and SCHEINES, R. (2000). Causation, Prediction, and Search, 2nd ed. Adaptive
Computation and Machine Learning. MIT Press, Cambridge, MA. MR1815675

SPIRTES, P., MEEK, C. and RICHARDSON, T. (1999). An algorithm for causal inference in the presence
of latent variables and selection bias. In Computation, Causation, and Discovery (C. Glymour and
G. F. Cooper, eds.) 211-252. AAAI Press, Menlo Park, CA. MR1689972

SPIRTES, P., RICHARDSON, T., MEEK, C., SCHEINES, R. and GLYMOUR, C. (1998). Using path diagrams
as a structural equation modelling tool. Sociol. Methods Res. 27 182-225.

TIAN, J. (2002). Studies in causal reasoning and learning. Technical Report No. R-309, Cognitive Systems
Laboratory, Univ. California, Los Angeles, USA.

TIAN, J. and PEARL, J. (2001). Causal discovery from changes. In Proceedings of the 17th Conference
in Uncertainty in Artificial Intelligence (UAI-01) (J. Breese and D. Koller, eds.) 512-521. Morgan
Kaufmann, San Francisco, CA, USA.

VERMA, T. S. (1993). Graphical aspects of causal models. Technical Report No. R-191. Computer Science
Department, Univ. California, Los Angeles, USA.

WRIGHT, S. (1921). Correlation and causation. J. Agric. Res. 20 557-585.

ZHANG, J. (2008). On the completeness of orientation rules for causal discovery in the presence of latent
confounders and selection bias. Artificial Intelligence 172 1873—-1896. MR2459793 https://doi.org/10.
1016/j.artint.2008.08.001


http://www.ams.org/mathscinet-getitem?mr=1617227
http://www.ams.org/mathscinet-getitem?mr=2447308
http://www.ams.org/mathscinet-getitem?mr=1815675
http://www.ams.org/mathscinet-getitem?mr=1689972
http://www.ams.org/mathscinet-getitem?mr=2459793
https://doi.org/10.1016/j.artint.2008.08.001
https://doi.org/10.1016/j.artint.2008.08.001

The Annals of Statistics

2021, Vol. 49, No. 5, 2916-2947
https://doi.org/10.1214/21-A0S2065

© Institute of Mathematical Statistics, 2021

MEASURING DEPENDENCE IN THE WASSERSTEIN DISTANCE FOR
BAYESIAN NONPARAMETRIC MODELS

BY MARTA CATALANO!??, ANTONIO L1J01%" AND IGOR PRUNSTER?

. . . .99 .
1Departmem of Statistics, University of Warwick, ** marta.catalano @warwick.ac.uk

. . N N N N * N . . ., T - ..
2Department of Decision Sciences, Bocconi University, *antonio.lijoi @unibocconi.it, Tigorpruenster@unibocconi.it

The proposal and study of dependent Bayesian nonparametric models
has been one of the most active research lines in the last two decades, with
random vectors of measures representing a natural and popular tool to define
them. Nonetheless, a principled approach to understand and quantify the as-
sociated dependence structure is still missing. We devise a general, and not
model-specific, framework to achieve this task for random measure based
models, which consists in: (a) quantify dependence of a random vector of
probabilities in terms of closeness to exchangeability, which corresponds to
the maximally dependent coupling with the same marginal distributions, that
is, the comonotonic vector; (b) recast the problem in terms of the underlying
random measures (in the same Fréchet class) and quantify the closeness to
comonotonicity; (c) define a distance based on the Wasserstein metric, which
is ideally suited for spaces of measures, to measure the dependence in a prin-
cipled way. Several results, which represent the very first in the area, are
obtained. In particular, useful bounds in terms of the underlying Lévy inten-
sities are derived relying on compound Poisson approximations. These are
then specialized to popular models in the Bayesian literature leading to inter-
esting insights.
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This paper delivers improved theoretical guarantees for the convex pro-
gramming approach in low-rank matrix estimation, in the presence of (1) ran-
dom noise, (2) gross sparse outliers and (3) missing data. This problem, often
dubbed as robust principal component analysis (robust PCA), finds applica-
tions in various domains. Despite the wide applicability of convex relaxation,
the available statistical support (particularly the stability analysis in the pres-
ence of random noise) remains highly suboptimal, which we strengthen in
this paper. When the unknown matrix is well conditioned, incoherent and
of constant rank, we demonstrate that a principled convex program achieves
near-optimal statistical accuracy, in terms of both the Euclidean loss and the
Loo loss. All of this happens even when nearly a constant fraction of obser-
vations are corrupted by outliers with arbitrary magnitudes. The key analysis
idea lies in bridging the convex program in use and an auxiliary nonconvex
optimization algorithm, and hence the title of this paper.
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Delayed-acceptance Metropolis—Hastings and delayed-acceptance
pseudo-marginal Metropolis—Hastings algorithms can be applied when it
is computationally expensive to calculate the true posterior or an unbiased
stochastic approximation thereof, but a computationally cheap deterministic
approximation is available. An initial accept-reject stage uses the cheap ap-
proximation for computing the Metropolis—Hastings ratio; proposals which
are accepted at this stage are subjected to a further accept-reject step, which
corrects for the error in the approximation. Since the expensive posterior, or
the approximation thereof, is only evaluated for proposals which are accepted
at the first stage, the cost of the algorithm is reduced and larger scalings may
be used.

We focus on the random walk Metropolis (RWM) and consider the
delayed-acceptance RWM and the delayed-acceptance pseudo-marginal
RWM. We provide a framework for incorporating relatively general deter-
ministic approximations into the theoretical analysis of high-dimensional tar-
gets. Justified by diffusion-approximation arguments, we derive expressions
for the limiting efficiency and acceptance rates in high-dimensional settings.
Finally, these theoretical insights are leveraged to formulate practical guide-
lines for the efficient tuning of the algorithms. The robustness of these guide-
lines and predicted properties are verified against simulation studies, all of
which are strictly outside of the domain of validity of our limit results.
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When the response mechanism is believed to be not missing at ran-
dom (NMAR), a valid analysis requires stronger assumptions on the response
mechanism than standard statistical methods would otherwise require. Semi-
parametric estimators have been developed under the parametric model as-
sumptions on the response mechanism. In this paper, a new statistical test is
proposed to guarantee model identifiability without using instrumental vari-
able assumption. Furthermore, we develop optimal semiparametric estima-
tion for parameters such as the population mean. Specifically, we propose two
semiparametric optimal estimators that do not require any model assumptions
other than the response mechanism. Asymptotic properties of the proposed
estimators are discussed. An extensive simulation study is presented to com-
pare with some existing methods. We present an application of our method
using Korean labor and income panel survey data.
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Regular 2" ~7 designs are also known as single flat designs. Parallel flats
designs (PFDs) consisting of three parallel flats (3-PFDs) are the most fre-
quently utilized PFDs, due to their simple structure. Generalizing to f-PFD
with f > 3 is more challenging. This paper aims to study the general the-
ory for the f-PFD for any f > 3. We propose a method for obtaining the
confounding frequency vectors for all nonequivalent f-PFDs, and to find
the least G-aberration (or highest D-efficiency) f-PFD constructed from any
single flat. PFDs are particularly useful for constructing nonregular fraction,
split-plot or randomized block designs. We also characterize the quaternary
code design series as PFDs. Finally, we show how designs constructed by
concatenating regular fractions from different families may also have a par-
allel flats structure. Examples are given throughout to illustrate the results.
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