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Treatment effect estimation with efficient data
aggregation

SNIGDHA PANIGRAHI', JINGSHEN WANGZP and XUMING HE3*°
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Data aggregation, also known as meta analysis, is widely used to combine knowledge on parameters shared in
common (e.g., average treatment effect) between multiple studies. In this paper, we introduce an attractive data
aggregation scheme that pools summary statistics from various existing studies. Our scheme informs the design
of new validation studies and yields unbiased estimators for the shared parameters. In our setup, each existing
study applies a LASSO regression to select a parsimonious model from a large set of covariates. It is well known
that post-hoc estimators, in the selected model, tend to be biased. We show that a novel technique called data
carving yields us a new unbiased estimator by aggregating simple summary statistics from all existing studies.
The proposed estimator has two key features: (a) we make the fullest possible use of data, from all studies, without
the risk of bias from model selection; (b) we enjoy the added benefit of individual data privacy, because raw data
from these studies need not be shared or stored for efficient estimation.

Keywords: Conditional inference; debiased estimation; data carving; LASSO; meta analysis
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Varying coefficient regression: Revisit and
parametric help

SEUNG HYUN MOON!2 BYEONG U. PARK!? and YOUNG KYUNG LEEZ2¢

L Seoul National University, Seoul, South Korea, *msh94kr @ snu.ac.kr, bbupark@snu.ac.kr
2Kangwon National University, Chuncheon, South Korea, “youngklee @ kangwon.ac.kr

This paper concerns the estimation of varying coefficient models, which is considered very useful in analyzing
the regression relationship between variables. The purpose of this paper is threefold. Firstly, we introduce a new
formulation of varying coefficient regression under which a structure-respecting constraint is developed for iden-
tifying the model components. Secondly, we develop a full account of locally linear kernel smoothing approach
to estimating varying coefficient models which is largely missing in the literature. Thirdly, we address a bias re-
duction technique applied to locally linear varying coefficient regression which turns out to be successful under
mild condition. We develop our methodology and theory for response variables taking values in a general Hilbert
space. We discuss relevant theory for the associated projection operators, the convergence of an iterative backfit-
ting algorithm, and the error rates and asymptotic distributions of the estimators. We also include some simulation
results demonstrating the success of the proposed approach.

Keywords: Additive model; Hilbert space; local linear smoothing; non-Euclidean data; smooth backfitting;
varying coefficient model
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Almost sure growth of integrated supOU
processes
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Superpositions of Ornstein-Uhlenbeck processes allow a flexible dependence structure, including long range de-
pendence for OU-type processes. Their complex asymptotics are governed by three effects: the behavior of the
Lévy measure both at infinity and at zero, and the behavior at zero of the measure governing the dependence. We
establish almost sure rates of growth depending on the characteristics of the process and prove a Marcinkiewicz—
Zygmund type SLLN for the integrated process.

Keywords: Almost sure properties; infinitely divisible random measure; Marcinkiewicz—Zygmund type strong law
of large numbers; rate of growth; supOU processes
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Ergodicity, CLT and asymptotic maximum of
the Airy; process

FEI PU?

Laboratory of Mathematics and Complex Systems, School of Mathematical Sciences, Beijing Normal University,
100875, Beijing, China, ®fei.pu@bnu.edu.cn

We first show that the Airy; process is associated using the association property of the solution to the stochastic
heat equation and convergence of the KPZ equation to the KPZ fixed point. Then we apply Newman’s inequality to
establish the ergodicity and central limit theorem for the Airy; process. Combined with the asymptotic behavior
of the tail probability, we derive a Poisson limit theorem for the Airy; process and give a precise estimate on
the asymptotic behavior of the maximum of the Airy; process over an interval. Analogous results for the Airy,
process are also presented.

Keywords: Airy| process; association; CLT; ergodicity
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Finite moments testing in a general class of
nonlinear time series models

CHRISTIAN FRANCQ?and JEAN-MICHEL ZAKOTAN®

CREST, 5 Avenue Henri Le Chatelier, 91120 Palaiseau, France, 2christian.francq@ensae.fr, bzakaian@ensae.fr

We investigate the problem of testing the finiteness of moments for a class of semi-parametric time series encom-
passing many commonly used specifications. The existence of positive-power moments of the strictly stationary
solution is characterized by the Moment Determining Function (MDF) of the model, which depends on the pa-
rameter driving the dynamics and on the distribution of the innovations. We establish the asymptotic distribution
of the empirical MDF, from which tests of moments are deduced. Alternative tests based on the estimation of the
Maximal Moment Exponent (MME) are studied. Power comparisons based on local alternatives and the Bahadur
approach are proposed. We provide an illustration on real financial data and show that semi-parametric estimation
of the MME provides an interesting alternative to Hill’s nonparametric estimator of the tail index.

Keywords: Efficiency comparisons of tests; maximal moment exponent; stochastic recurrence equation; tail index
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A central limit theorem is established for a sum of random variables belonging to a sequence of random fields. The
fields are assumed to have zero mean conditional on the past history and to satisfy certain conditional @-mixing
conditions in space or time. Exploiting conditional centering and the space-time structure, the limiting normal
distribution is obtained for increasing spatial domain, increasing length of the sequence, or both of these. The
theorem is very well suited for establishing asymptotic normality in the context of unbiased estimating function
inference for a wide range of space-time processes. This is pertinent given the abundance of space-time data. Two
examples demonstrate the applicability of the theorem.

Keywords: Central limit theorem; conditional @-mixing; conditional centering; estimating function; random field;
space-time; spatio-temporal; vector autoregression
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We study the problem of robust estimation of the mean vector of a sub-Gaussian distribution. We introduce an
estimator based on spectral dimension reduction (SDR) and establish a finite sample upper bound on its error
that is minimax-optimal up to a logarithmic factor. Furthermore, we prove that the breakdown point of the SDR
estimator is equal to 1/2, the highest possible value of the breakdown point. In addition, the SDR estimator
is equivariant by similarity transforms and has low computational complexity. More precisely, in the case of n
vectors of dimension p—at most en out of which are adversarially corrupted—the SDR estimator has a squared
error of order (rz/n + &2 log(1/&))log p and a running time of order p3 + npz. Here, ry < p is the effective rank
of the covariance matrix of the reference distribution. Another advantage of the SDR estimator is that it does not
require knowledge of the contamination rate and does not involve sample splitting. We also investigate extensions
of the proposed algorithm and of the obtained results in the case of (partially) unknown covariance matrix.

Keywords: Breakdown point; minimax optimality; robustness; spectral method
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Following the initial work by Robbins, we rigorously present an extended theory of nonnegative supermartingales,
requiring neither integrability nor finiteness. In particular, we derive a key maximal inequality foreshadowed by
Robbins, which we call the extended Ville’s inequality, that strengthens the classical Ville’s inequality (for inte-
grable nonnegative supermartingales), and also applies to our nonintegrable setting. We derive an extension of the
method of mixtures, which applies to o-finite mixtures of our extended nonnegative supermartingales. We present
some implications of our theory for sequential statistics, such as the use of improper mixtures (priors) in deriving
nonparametric confidence sequences and (extended) e-processes.

Keywords: Confidence sequences; improper priors; non-integrable processes; martingales; maximal inequalities;
sequential statistics
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We consider the goodness-of-fit testing problem for Holder smooth densities over R4: given n iid observations
with unknown density p and given a known density pg, we investigate how large p should be to distinguish,
with high probability, the case p = pg from the composite alternative of all Holder-smooth densities p such that
llp = polls > p where ¢ € [1,2]. The densities are assumed to be defined over R? and to have Holder smoothness
parameter @ > 0. In the present work, we solve the case @ < 1 and handle the case @ > 1 using an additional
technical restriction on the densities. We identify matching upper and lower bounds on the local minimax rates of
testing, given explicitly in terms of p. We propose novel test statistics which we believe could be of independent
interest. We also establish the first definition of an explicit cutoff up allowing us to split R4 into a bulk part
(defined as the subset of R¢ where po takes only values greater than or equal to u ) and a tail part (defined as the
complementary of the bulk), each part involving fundamentally different contributions to the local minimax rates
of testing.

Keywords: Holder-continuous densities; hypothesis testing; minimax separation radius
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Weak equivalence of local independence graphs

SOREN WENGEL MOGENSEN?

Department of Automatic Control, Lund University, Lund, Sweden, ®swm.fi@ cbs.dk

Classical graphical modeling of random vectors uses graphs to encode conditional independence. In graphical
modeling of multivariate stochastic processes, graphs may encode so-called local independence analogously. If
some coordinate processes of the multivariate stochastic process are unobserved, the local independence graph
of the observed coordinate processes is a directed mixed graph (DMG). Two DMGs may encode the same local
independences in which case we say that they are Markov equivalent. Markov equivalence is a central notion in
graphical modeling. We show that deciding Markov equivalence of DMGs is coNP-complete, even under a sparsity
assumption. As a remedy, we introduce weak equivalence relations on DMGs that are less granular than Markov
equivalence. This leads to feasible algorithms for naturally occurring computational problems, and the equivalence
classes of a weak equivalence relation have attractive properties. In particular, each equivalence class has a greatest
element which allows a concise representation of an equivalence class. Moreover, these equivalence relations
define a hierarchy of granularity in the graphical modeling which leads to simple and interpretable connections
between equivalence classes corresponding to different levels of granularity. Weak equivalence is an approximation
to the more expressive Markov equivalence, and we also describe some properties of this approximation.

Keywords: Directed mixed graphs; local independence; local independence graph; Markov equivalence; weak
equivalence; p-separation

References

Aalen, 0.0. (1987). Dynamic modelling and causality. Scand. Actuar. J. 3-4 177-190. MR0943579 https://doi.org/
10.1016/j.rser.2011.04.029

Absar, S. and Zhang, L. (2021). Discovering time-invariant causal structure from temporal data. In Proc. 30th
ACM Int. Conf. Inf. Knowl. Manag 2807-2811. https://doi.org/10.1145/3459637.3482086

Ali, R.A., Richardson, T.S. and Spirtes, P. (2009). Markov equivalence for ancestral graphs. Ann. Statist. 37
2808-2837. MR2541448 https://doi.org/10.1214/08-A0S626

Andersson, S.A., Madigan, D. and Perlman, M.D. (1997a). A characterization of Markov equivalence classes for
acyclic digraphs. Ann. Statist. 25 505-541. MR1439312 https://doi.org/10.1214/a0s/1031833662

Andersson, S.A., Madigan, D. and Perlman, M.D. (1997b). On the Markov equivalence of chain graphs, undirected
graphs, and acyclic digraphs. Scand. J. Stat. 24 81-102. MR 1436624 https://doi.org/10.1111/1467-9469.t01-1-
00050

Andersson, S.A., Madigan, D. and Perlman, M.D. (2001). Alternative Markov properties for chain graphs. Scand.
J. Stat. 28 33-85. MR 1844349 https://doi.org/10.1111/1467-9469.00224

Bhattacharjya, D., Shanmugam, K., Gao, T. and Subramanian, D. (2022). Process independence testing in proximal
graphical event models. In Proc. Ist Conf. Causal Learn. Reason. (CLeaR). 144—161.

Christgau, A.M., Petersen, L. and Hansen, N.R. (2023). Nonparametric conditional local independence testing.
Ann. Statist. 51 2116-2144. MR4678798 https://doi.org/10.1214/23-20s2323

Claassen, T., Mooij, J. and Heskes, T. (2013). Learning sparse causal models is not NP-hard. In Proc. 29th Conf.
Uncertain. Artif. Intell. (UAI) 172-181. https://doi.org/10.5555/3023638.3023656

Danks, D. (2002). Learning the causal structure of overlapping variable sets. In Proc. 5th Int. Conf. Discov. Sci
178-191. https://doi.org/10.1007/3-540-36182-0_17

Didelez, V. (2000). Graphical Models for Event History Analysis based on Local Independence. Ph.D. thesis,
Universitdt Dortmund.

Didelez, V. (2006). Asymmetric separation for local independence graphs. In Proc. 22nd Conf. Uncertain. Artif.
Intell. (UAI). 130-137.

1350-7265 © 2025 ISI/BS


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/24-BEJ1825
mailto:swm.fi@cbs.dk
https://mathscinet.ams.org/mathscinet-getitem?mr=0943579
https://doi.org/10.1016/j.rser.2011.04.029
https://doi.org/10.1016/j.rser.2011.04.029
https://doi.org/10.1145/3459637.3482086
https://mathscinet.ams.org/mathscinet-getitem?mr=2541448
https://doi.org/10.1214/08-AOS626
https://mathscinet.ams.org/mathscinet-getitem?mr=1439312
https://doi.org/10.1214/aos/1031833662
https://mathscinet.ams.org/mathscinet-getitem?mr=1436624
https://doi.org/10.1111/1467-9469.t01-1-00050
https://doi.org/10.1111/1467-9469.t01-1-00050
https://mathscinet.ams.org/mathscinet-getitem?mr=1844349
https://doi.org/10.1111/1467-9469.00224
https://mathscinet.ams.org/mathscinet-getitem?mr=4678798
https://doi.org/10.1214/23-aos2323
https://doi.org/10.5555/3023638.3023656
https://doi.org/10.1007/3-540-36182-0_17

Weak equivalence of local independence graphs 2773

Didelez, V. (2008). Graphical models for marked point processes based on local independence. J. R. Stat. Soc. Ser.
B. Stat. Methodol. 70 245-264. MR2412641 https://doi.org/10.1111/j.1467-9868.2007.00634.x

Eichler, M. (2007). Granger causality and path diagrams for multivariate time series. J. Econometrics 137 334-353.
MR?2354948 https://doi.org/10.1016/j.jeconom.2005.06.032

Eichler, M. (2012). Graphical modelling of multivariate time series. Probab. Theory Related Fields 153 233-268.
MR2925574 https://doi.org/10.1007/s00440-011-0345-8

Eichler, M. (2013). Causal inference with multiple time series: Principles and problems. Philos. Trans. R. Soc.
Lond. Ser. A Math. Phys. Eng. Sci. 371 20110613, 17. MR3081173 https://doi.org/10.1098/rsta.2011.0613

Eichler, M. and Didelez, V. (2007). Causal reasoning in graphical time series models. In Proc. 23rd Conf. Uncer-
tain. Artif. Intell. (UAI). 109-116.

Eichler, M. and Didelez, V. (2010). On Granger causality and the effect of interventions in time series. Lifetime
Data Anal. 16 3-32. MR2575937 https://doi.org/10.1007/5s10985-009-9143-3

Frydenberg, M. (1990). The chain graph Markov property. Scand. J. Stat. 17 333-353. MR1096723

Hu, Z. and Evans, R. (2020). Faster algorithms for Markov equivalence. In Proc. 36th Conf. Uncertain. Artif.
Intell. (UAI) 739-748.

Huang, B., Zhang, K., Gong, M. and Glymour, C. (2020). Causal discovery from multiple data sets with non-
identical variable sets. In Proc. AAAI Conf. Artif. Intell 34 10153-10161. https://doi.org/10.1609/aaai.v34i06.
6575

Hyttinen, A., Eberhardt, F. and Jérvisalo, M. (2014). Constraint-based causal discovery: Conflict resolution with
answer set programming. In Proc. 30th Conf. Uncertain. Artif. Intell. (UAI). 340-349.

Kocaoglu, M. (2024). Characterization and learning of causal graphs with small conditioning sets. Adv. Neural
Inf. Process. Syst. 36 74140-74179.

Lauritzen, S.L. (1996). Graphical Models. Oxford Statistical Science Series 17. Oxford University Press, New
York: The Clarendon Press. MR1419991

Maathuis, M., Drton, M., Lauritzen, S. and Wainwright, M., eds. (2019). Handbook of Graphical Models. Chap-
man & Hall/CRC Handbooks of Modern Statistical Methods. Boca Raton, FL: CRC Press. MR3889064

Meek, C. (2014). Toward learning graphical and causal process models. In Proc. UAI 2014 Workshop Causal
Inference: Learn. Predict. 43-48.

Mogensen, S.W. (2020). Graphical Modeling in Dynamical Systems Ph.D. thesis, Univ. Copenhagen.

Mogensen, S.W. (2025). Supplement to “Weak equivalence of local independence graphs.” https://doi.org/10.3150/
24-BEJ1825SUPP

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-A0S 1821

Mogensen, S.W. and Hansen, N.R. (2022). Graphical modeling of stochastic processes driven by correlated noise.
Bernoulli 28 3023-3050. MR4474571 https://doi.org/10.3150/21-bej1446

Mogensen, S.W., Malinsky, D. and Hansen, N.R. (2018). Causal learning for partially observed stochastic dynam-
ical systems. In Proc. 34th Conf. Uncertain. Artif. Intell. (UAI). 350-360.

Pearl, J. (2009). Causality. Cambridge Univ. Press. https://doi.org/10.1017/CB0O9780511803161

Richardson, T. (1997). A characterization of Markov equivalence for directed cyclic graphs. Internat. J. Approx.
Reason. 17 107-162. MR 1462712 https://doi.org/10.1016/S0888-613X(97)00020-0

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

Richardson, T.S., Evans, R.J., Robins, J.M. and Shpitser, I. (2023). Nested Markov properties for acyclic directed
mixed graphs. Ann. Statist. 51 334-361. MR4564859 https://doi.org/10.1214/22-a0s2253

Schweder, T. (1970). Composable Markov processes. J. Appl. Probab. 7 400—410. MR0264755 https://doi.org/10.
2307/3211973

Sondhi, A. and Shojaie, A. (2019). The reduced PC-algorithm: Improved causal structure learning in large random
networks. J. Mach. Learn. Res. 20 1-31. MR4048975

Spirtes, P. (2001). An anytime algorithm for causal inference. In Proc. Eighth Int. Workshop Artif. Intell. Stat
278-285.


https://mathscinet.ams.org/mathscinet-getitem?mr=2412641
https://doi.org/10.1111/j.1467-9868.2007.00634.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2354948
https://doi.org/10.1016/j.jeconom.2005.06.032
https://mathscinet.ams.org/mathscinet-getitem?mr=2925574
https://doi.org/10.1007/s00440-011-0345-8
https://mathscinet.ams.org/mathscinet-getitem?mr=3081173
https://doi.org/10.1098/rsta.2011.0613
https://mathscinet.ams.org/mathscinet-getitem?mr=2575937
https://doi.org/10.1007/s10985-009-9143-3
https://mathscinet.ams.org/mathscinet-getitem?mr=1096723
https://doi.org/10.1609/aaai.v34i06.6575
https://doi.org/10.1609/aaai.v34i06.6575
https://mathscinet.ams.org/mathscinet-getitem?mr=1419991
https://mathscinet.ams.org/mathscinet-getitem?mr=3889064
https://doi.org/10.3150/24-BEJ1825SUPP
https://doi.org/10.3150/24-BEJ1825SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=4065173
https://doi.org/10.1214/19-AOS1821
https://mathscinet.ams.org/mathscinet-getitem?mr=4474571
https://doi.org/10.3150/21-bej1446
https://doi.org/10.1017/CBO9780511803161
https://mathscinet.ams.org/mathscinet-getitem?mr=1462712
https://doi.org/10.1016/S0888-613X(97)00020-0
https://mathscinet.ams.org/mathscinet-getitem?mr=1963898
https://doi.org/10.1111/1467-9469.00323
https://mathscinet.ams.org/mathscinet-getitem?mr=1926166
https://doi.org/10.1214/aos/1031689015
https://mathscinet.ams.org/mathscinet-getitem?mr=4564859
https://doi.org/10.1214/22-aos2253
https://mathscinet.ams.org/mathscinet-getitem?mr=0264755
https://doi.org/10.2307/3211973
https://doi.org/10.2307/3211973
https://mathscinet.ams.org/mathscinet-getitem?mr=4048975

2774 S.W. Mogensen

Spirtes, P. and Verma, T. (1992). Equivalence of Causal Models with Latent Variables Technical Report No. CMU-
PHIL-33, Carnegie Mellon Univ.

Spirtes, P. and Zhang, K. (2018). Search for causal models. In Handbook of Graphical Models. Chapman &
Hall/CRC Handb. Mod. Stat. Methods 439-469. Boca Raton, FL: CRC Press. MR3888007

Studeny, M. (2006). Probabilistic Conditional Independence Structures. Information Science and Statistics. Lon-
don: Springer. MR3183760

Thams, N. and Hansen, N.R. (2024). Local independence testing for point processes. IEEE Trans. Neural Netw.
Learn. Syst. 35 4902-4910. MR4734175

Tillman, R., Danks, D. and Glymour, C. (2008). Integrating locally learned causal structures with overlapping
variables. Adv. Neural Inf. Process. Syst. 21 1665-1672.

Triantafillou, S., Tsamardinos, I. and Tollis, I. (2010). Learning causal structure from overlapping variable sets. In
Proc. 13th Int. Conf. Artif. Intell. Stat. (AISTATS). 860—-867.

Verma, T. and Pearl, J. (1991). Equivalence and Synthesis of Causal Models Technical Report No. R-150, Computer
Science Department, Univ. California.

Wienobst, M. and Liskiewicz, M. (2020). Recovering causal structures from low-order conditional independencies.
In Proc. AAAI Conf. Artif. Intell 34 10302—10309. https://doi.org/10.1609/aaai.v34i06.6593

Zhang, J. (2007). A characterization of Markov equivalence classes for directed acyclic graphs with latent vari-
ables. In Proc. 23rd Conf. Uncertain. Artif. Intell. (UAI). 450-457.

Zhao, H., Zheng, Z. and Liu, B. (2005). On the Markov equivalence of maximal ancestral graphs. Sci. China Ser.
A 48 548-562. MR2157690 https://doi.org/10.1360/04ys0023


https://mathscinet.ams.org/mathscinet-getitem?mr=3888007
https://mathscinet.ams.org/mathscinet-getitem?mr=3183760
https://mathscinet.ams.org/mathscinet-getitem?mr=4734175
https://doi.org/10.1609/aaai.v34i06.6593
https://mathscinet.ams.org/mathscinet-getitem?mr=2157690
https://doi.org/10.1360/04ys0023

Bernoulli 31(4), 2025, 2799-2813
https://doi.org/10.3150/24-BEJ 1826

Viscosity estimation for 2D pipe flows I.
Construction, consistency, asymptotic normality
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We consider the motion of incompressible viscous fluid in a rectangle, imposing the periodicity condition in one
direction and the no-slip boundary condition in the other. Assuming that the flow is subject to an external random
force, white in time and regular in space, we construct an estimator v, for the viscosity v using only observations
of the L2 norm of the vorticity on the time interval [0,7]. The goal of the paper is to investigate the asymptotic
properties of V; as t — +co. It is proved that the estimator ; is strongly consistent and asymptotically normal. The
proof of consistency is based on the explicit formula for the estimator and some bounds for trajectories, while that
of asymptotic normality uses in addition mixing properties of the Navier—Stokes flow.

Keywords: Asymptotic normality; consistency; Navier—Stokes equations; viscosity estimation; white noise

References

(1]
(2]
(3]

(6]
(7]
(8]

(9]
[10]

(11]

Altmeyer, R., Cialenco, 1. and Pasemann, G. (2023). Parameter estimation for semilinear SPDEs from local
measurements. Bernoulli 29 2035-2061. MR4580906 https://doi.org/10.3150/22-bej1531

Altmeyer, R. and Reiss, M. (2021). Nonparametric estimation for linear SPDEs from local measurements.
Ann. Appl. Probab. 31 1-38. MR4254472 https://doi.org/10.1214/20-aap 1581

Barrufet, M.A. and Setiadarma, A. (2003). Experimental viscosities of heavy oil mixtures up to 450 K and
high pressures using a Mercury capillary viscometer. J. Pet. Sci. Eng. 40 17-26. https://doi.org/10.1016/
S0920-4105(03)00048-2

Belogusev, V., Kozlov, K., Egorov, A. and Syutov, N. (2018). Method and instruments to measure dynamic
viscosity of oil products in pipeline. Eng. Rural Dev. 937-942. https://doi.org/10.22616/ERDev2018.17.N403
Burkholder, D.L., Davis, B.J. and Gundy, R.F. (1972). Integral inequalities for convex functions of operators
on martingales. In Proceedings of the Sixth Berkeley Symposium on Mathematical Statistics and Probability
(Univ. California, Berkeley, Calif., 1970/1971), Vol. II: Probability Theory 223-240. Berkeley, CA: Univ.
California Press. MR0400380

Cialenco, I. (2018). Statistical inference for SPDEs: An overview. Stat. Inference Stoch. Process. 21 309-329.
MR3824970 https://doi.org/10.1007/s11203-018-9177-9

Cialenco, I. and Glatt-Holtz, N. (2011). Parameter estimation for the stochastically perturbed Navier-Stokes
equations. Stochastic Process. Appl. 121 701-724. MR2770904 https://doi.org/10.1016/j.spa.2010.12.007
Da Prato, G. and Zabczyk, J. (1996). Ergodicity for Infinite-Dimensional Systems. London Mathematical
Society Lecture Note Series 229. Cambridge: Cambridge Univ. Press. MR1417491 https://doi.org/10.1017/
CB09780511662829

Delgadillo, M.A., Ibargiiengoytia, P.H. and Garcfa, U.A. (2016). A technique to measure fuel oil viscosity in
a fuel power plant. ISA Trans. 60 303-311. https://doi.org/10.1016/j.isatra.2015.11.001

Hall, P. and Heyde, C.C. (1980). Martingale Limit Theory and Its Application. Probability and Mathematical
Statistics. New York-London: Academic Press [Harcourt Brace Jovanovich, Publishers]. MR0624435
Hiibner, M., Khasminskii, R. and Rozovskii, B.L. (1993). Two examples of parameter estimation for stochas-
tic partial differential equations. In Stochastic Processes 149-160. New York: Springer. MR1427311

1350-7265 © 2025 ISI/BS


https://www.bernoullisociety.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/24-BEJ1826
mailto:Thi-Hien.Nguyen5@cyu.fr
mailto:Armen.Shirikyan@cyu.fr
https://mathscinet.ams.org/mathscinet-getitem?mr=4580906
https://doi.org/10.3150/22-bej1531
https://mathscinet.ams.org/mathscinet-getitem?mr=4254472
https://doi.org/10.1214/20-aap1581
https://doi.org/10.1016/S0920-4105(03)00048-2
https://doi.org/10.1016/S0920-4105(03)00048-2
https://doi.org/10.22616/ERDev2018.17.N403
https://mathscinet.ams.org/mathscinet-getitem?mr=0400380
https://mathscinet.ams.org/mathscinet-getitem?mr=3824970
https://doi.org/10.1007/s11203-018-9177-9
https://mathscinet.ams.org/mathscinet-getitem?mr=2770904
https://doi.org/10.1016/j.spa.2010.12.007
https://mathscinet.ams.org/mathscinet-getitem?mr=1417491
https://doi.org/10.1017/CBO9780511662829
https://doi.org/10.1017/CBO9780511662829
https://doi.org/10.1016/j.isatra.2015.11.001
https://mathscinet.ams.org/mathscinet-getitem?mr=0624435
https://mathscinet.ams.org/mathscinet-getitem?mr=1427311

2800 T.H. Nguyen and A. Shirikyan

[12]

[13]

[14]
[15]

[16]

(17]

(18]

(19]

(20]
[21]
(22]
(23]

(24]

(25]

Huebner, M. and Rozovskii, B.L. (1995). On asymptotic properties of maximum likelihood estimators for
parabolic stochastic PDE’s. Probab. Theory Related Fields 103 143-163. MR1355054 https://doi.org/10.
1007/BF01204212

Ibragimov, I.A. and Has’minskii, R.Z. (1981). Statistical Estimation: Asymptotic Theory. Applications of
Mathematics 16. New York-Berlin: Springer. Translated from the Russian by Samuel Kotz. MR0620321
https://doi.org/10.1007/978-1-4899-0027-2

Jacod, J. and Protter, P. (2003). Probability Essentials, 2nd ed. Universitext. Berlin: Springer. MR1956867
https://doi.org/10.1007/978-3-642-55682-1

Karatzas, 1. and Shreve, S.E. (1991). Brownian Motion and Stochastic Calculus, 2nd ed. Graduate Texts in
Mathematics 113. New York: Springer. MR1121940 https://doi.org/10.1007/978-1-4612-0949-2

Kuksin, S. and Shirikyan, A. (2012). Mathematics of Two-Dimensional Turbulence. Cambridge
Tracts in Mathematics 194. Cambridge: Cambridge Univ. Press. MR3443633 https://doi.org/10.1017/
CB09781139137119

Kutoyants, Y.A. (2004). Statistical Inference for Ergodic Diffusion Processes. Springer Series in Statistics.
London: Springer London, Ltd. MR2144185 https://doi.org/10.1007/978-1-4471-3866-2

Lamperti, J.W. (1996). Probability: A Survey of the Mathematical Theory, 2nd ed. Wiley Series in Probability
and Statistics: Probability and Statistics. New York: Wiley. A Wiley-Interscience Publication. MR 1406796
https://doi.org/10.1002/9781118150443

Lototsky, S.V. and Rosovskii, B.L. (1999). Spectral asymptotics of some functionals arising in statistical in-
ference for SPDEs. Stochastic Process. Appl. 719 69-94. MR1666827 https://doi.org/10.1016/S0304-4149(98)
00079-9

Lototsky, S.V. and Rozovsky, B.L. (2017). Stochastic Partial Differential Equations. Universitext. Cham:
Springer. MR3674586 https://doi.org/10.1007/978-3-319-58647-2

Pasemann, G. and Stannat, W. (2020). Drift estimation for stochastic reaction-diffusion systems. Electron. J.
Stat. 14 547-579. MR4056266 https://doi.org/10.1214/19-EJS 1665

Shirikyan, A. (2006). Law of large numbers and central limit theorem for randomly forced PDE’s. Probab.
Theory Related Fields 134 215-247. MR2222383 https://doi.org/10.1007/s00440-005-0427-6

Temam, R. (1979). Navier-Stokes Equations: Theory and Numerical Analysis, Revised ed. Studies in Mathe-
matics and Its Applications 2. Amsterdam: North-Holland. With an appendix by F. Thomasset. MR0603444
Vishik, M.J. and Fursikov, A.V. (1988). Mathematical Problems of Statistical Hydromechanics. Mathemat-
ics and Its Applications (Soviet Series) 9. Dordrecht: Kluwer Academic. Translated from the 1980 Russian
original [MR0591678] by D. A. Leites. MR3444271 https://doi.org/10.1007/978-94-009-1423-0

Zhang, J., Yuan, H., Zhao, J. and Mei, N. (2017). Viscosity estimation and component identification for
an oil-water emulsion with the inversion method. Appl. Therm. Eng. 111 759-767. https://doi.org/10.1016/j.
applthermaleng.2016.09.153


https://mathscinet.ams.org/mathscinet-getitem?mr=1355054
https://doi.org/10.1007/BF01204212
https://doi.org/10.1007/BF01204212
https://mathscinet.ams.org/mathscinet-getitem?mr=0620321
https://doi.org/10.1007/978-1-4899-0027-2
https://mathscinet.ams.org/mathscinet-getitem?mr=1956867
https://doi.org/10.1007/978-3-642-55682-1
https://mathscinet.ams.org/mathscinet-getitem?mr=1121940
https://doi.org/10.1007/978-1-4612-0949-2
https://mathscinet.ams.org/mathscinet-getitem?mr=3443633
https://doi.org/10.1017/CBO9781139137119
https://doi.org/10.1017/CBO9781139137119
https://mathscinet.ams.org/mathscinet-getitem?mr=2144185
https://doi.org/10.1007/978-1-4471-3866-2
https://mathscinet.ams.org/mathscinet-getitem?mr=1406796
https://doi.org/10.1002/9781118150443
https://mathscinet.ams.org/mathscinet-getitem?mr=1666827
https://doi.org/10.1016/S0304-4149(98)00079-9
https://doi.org/10.1016/S0304-4149(98)00079-9
https://mathscinet.ams.org/mathscinet-getitem?mr=3674586
https://doi.org/10.1007/978-3-319-58647-2
https://mathscinet.ams.org/mathscinet-getitem?mr=4056266
https://doi.org/10.1214/19-EJS1665
https://mathscinet.ams.org/mathscinet-getitem?mr=2222383
https://doi.org/10.1007/s00440-005-0427-6
https://mathscinet.ams.org/mathscinet-getitem?mr=0603444
https://mathscinet.ams.org/mathscinet-getitem?mr=3444271
https://doi.org/10.1007/978-94-009-1423-0
https://doi.org/10.1016/j.applthermaleng.2016.09.153
https://doi.org/10.1016/j.applthermaleng.2016.09.153

Bernoulli 31(4), 2025, 2814-2837
https://doi.org/10.3150/24-BEJ 1827

PEBBLE: A second order correct bootstrap
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Logistic regression is often used in many different fields, such as clinical trials, biomedical surveys, marketing,
and banking, to predict the probability of a binary outcome. In this paper we propose a novel Bootstrap technique
for approximating the distribution of the maximum likelihood estimator (MLE) of the regression parameter vector.
Improved inference performance is obtained over the traditional normal approximation via establishing second or-
der correctness. The main challenge in establishing second order correctness remains in the fact that the response
variable being binary, the MLE may have a lattice structure resulting in non-existence of formal Edgeworth expan-
sion. In order to achieve the second order correctness, a smoothing technique developed in Lahiri (J. Multivariate
Anal. 45 (1993) 247-256) is adopted to define the original and Bootstrapped studentized pivots. Second order
results are also extended to the one-dimensional smooth functions of the regression parameter e.g., odds ratio and
success probability. Simulation experiments are performed to evaluate the finite-sample properties of the proposed
Bootstrap method. The proposed methodology is demonstrated with an application on real dataset in healthcare
operations.

Keywords: Lattice; logistic regression; perturbation Bootstrap; smoothing; SOC
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Consider an additive functional regression model where a one-dimensional response process Y (¢) and a K-
dimensional explanatory random process X;(t), j =1,..., K, are observed for ¢ € [0, 7], with fixed 7. Examples
of such explanatory processes are continuous or inhomogeneous counting processes. The linear coefficients of the
model are K unknown deterministic functions # — b;(t), j =1,...,K, t € [0,7]. From N independent trajecto-
ries, we build a nonparametric least-squares estimator (l;l e BK) of (by,...,bg), where each I;j, 1<j<K,is
given by its expansion on a finite-dimensional space. We prove a bound on the mean-square risk of the estimator,
from which rates of convergence are obtained and are established to be optimal. An adaptive procedure, achiev-
ing simultaneous and anisotropic selection of each space dimension, is then tailored and an oracle risk bound is
proved. The procedure is studied numerically and implemented on a real dataset of electric consumption.

Keywords: Adaptive estimation; continuous observation; functional data; least-squares estimator; nonparametric
regression function estimation; projection method
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In this paper, we consider a novel methodology to estimate linear quantile regression models when the response
is randomly right censored. The proposed methodology is based on approximating the error distribution by means
of an extension of the Laplace distribution, that is flexible enough to approximate any continuous distribution as
long as the number of parameters in this Enriched Laplace distribution grows to infinity. The extension is obtained
by enriching the Laplace density by means of Laguerre polynomials in such a way that the new density has by
construction the property that its quantile of interest is equal to zero. Hence, when the error term has an Enriched
Laplace density, it satisfies by construction the constraints of a quantile regression model. We will show that, with
this new quantile regression model, we can obtain novel estimators of the quantile function, which are shown to be
consistent and asymptotically normal. We also establish the asymptotic efficiency bound, and show by means of
a simulation study and the analysis of data on Covid-19 patients that the proposed method works well in practice
compared to competing estimators.

Keywords: Censored data; Laguerre polynomials; quantile regression; semi-parametric regression
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We consider one-dimensional stochastic Volterra equations with jumps for which we establish conditions upon
the convolution kernel and coefficients for the strong existence and pathwise uniqueness of a non-negative cadlag
solution. By using the approach recently developed by (Stochastic Process. Appl. 181 (2025) Paper No. 104535),
we show the strong existence by using a nonnegative approximation of the equation whose convergence is proved
via a variant of the Yamada—Watanabe approximation technique. We apply our results to Lévy-driven stochastic
Volterra equations. In particular, we are able to define a Volterra extension of the so-called alpha-stable Cox—
Ingersoll-Ross process, which is especially used for applications in Mathematical Finance.

Keywords: Affine Volterra processes; alpha-stable Lévy process; pathwise uniqueness; stochastic Volterra
equations with jumps; strong solution
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We study the problem of maximum likelihood estimation of densities that are log-concave and lie in the graphical
model corresponding to a given undirected graph G. More precisely, we assume that each density in our family
factorizes according to the graph G and all factors are log-concave. We show that the maximum likelihood estimate
(MLE) is the product of the exponentials of several tent functions, one for each maximal clique of G. While the set
of log-concave densities in a graphical model is infinite-dimensional, our results imply that the MLE can be found
by solving a finite-dimensional convex optimization problem. We provide an implementation and a few examples.
Furthermore, we show that the MLE exists and is unique with probability 1 as long as the number of sample points
is larger than the size of the largest clique of G when G is chordal. We show that the MLE is consistent when the
graph G is a disjoint union of cliques. Finally, we discuss the conditions under which a log-concave density in the
graphical model of G has a log-concave factorization according to G.

Keywords: Chordal graphs; convex decomposition of functions; graphical models; log-concave density
estimation; maximum likelihood estimation
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Non-parametric estimates for graphon
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We consider the graphon mean-field system introduced in (Ann. Appl. Probab. 33 (2023) 3587-3619). It is the
large-population limit of a heterogeneously interacting diffusive particle system, where the interaction is of mean-
field type with weights characterized by an underlying graphon function. Through observation of continuous-time
trajectories within the particle system, we construct plug-in estimators of the particle density, the drift coefficient,
and thus the graphon edge weight of the mean-field system. Our estimators for the density and drift are direct results
of kernel interpolation on the empirical data, and a deconvolution method leads to an estimator of the underlying
graphon function. We show that, as the number of particles increases, the estimated edge weight converges to the
true graphon function pointwisely and, consequently, in the cut metric. Besides, we conduct a minimax analysis
within a particular class of particle systems to justify the pointwise optimality of the density and drift estimators.

Keywords: Graphon mean-field system; interacting particles; kernel estimation; minimax analysis
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In the common partially linear single-index model we establish a Bahadur representation for a smoothing spline es-
timator of all model parameters and use this result to prove the joint weak convergence of the estimator of the index
link function at a given point, together with the estimators of the parametric regression coefficients. We obtain the
surprising result that, despite of the nature of single-index models where the link function is evaluated at a linear
combination of the index-coefficients, the estimator of the link function and the estimator of the index-coefficients
are asymptotically independent. Our approach leverages a delicate analysis based on reproducing kernel Hilbert
space and empirical process theory. We show that the smoothing spline estimator achieves the minimax optimal
rate with respect to the L2-risk and consider several statistical applications where joint inference on all model pa-
rameters is of interest. In particular, we develop a simultaneous confidence band for the link function and propose
inference tools to investigate if the maximum absolute deviation between the (unknown) link function and a given
function exceeds a given threshold. We also construct tests for joint hypotheses regarding model parameters which
involve both the nonparametric and parametric components and propose novel multiplier bootstrap procedures to
avoid the estimation of unknown asymptotic quantities.

Keywords: Bahadur representation; efficient estimators; joint estimating equation; M-estimation; multiplier
bootstrap; relevant hypotheses; reproducing kernel Hilbert space; semiparametric regression; single-index model
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The heterogeneity of treatment effect (HTE) lies at the heart of precision medicine. Randomized controlled tri-
als are gold-standard for treatment effect estimation but are typically underpowered for heterogeneous effects.
In contrast, large observational studies have high predictive power but are often confounded due to the lack of
randomization of treatment. We show that the observational study, even subject to hidden confounding, may be
used to empower trials in estimating the HTE using the notion of confounding function. The confounding function
summarizes the impact of unmeasured confounders on the difference between the observed treatment effect and
the causal treatment effect, given the observed covariates, which is unidentifiable based only on the observational
study. Coupling the trial and observational study, we show that the HTE and confounding function are identifiable.
We then derive the semiparametric efficient scores and the integrative estimators of the HTE and confounding
function. We clarify the conditions under which the integrative estimator of the HTE is strictly more efficient than
the trial estimator. Finally, we illustrate the integrative estimators via simulation and an application.

Keywords: Estimating equation; goodness of fit; over-identification test; semiparametric efficiency; structural
model
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We propose simple nonparametric estimators for mediated and time-varying dose response curves based on ker-
nel ridge regression. By embedding Pearl’s mediation formula and Robins’ g-formula with kernels, we allow
treatments, mediators, and covariates to be continuous in general spaces, and also allow for nonlinear treatment-
confounder feedback. Our key innovation is a reproducing kernel Hilbert space technique called sequential kernel
embedding, which we use to construct simple estimators that account for complex feedback. Our estimators pre-
serve the generality of classic identification while also achieving nonasymptotic uniform rates. In nonlinear sim-
ulations with many covariates, we demonstrate strong performance. We estimate mediated and time-varying dose
response curves of the US Job Corps, and clean data that may serve as a benchmark in future work. We extend our
results to mediated and time-varying treatment effects and counterfactual distributions, verifying semiparametric
efficiency and weak convergence.

Keywords: Continuous treatment; reproducing kernel Hilbert space; treatment-confounder feedback
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In statistics permutations typically arise in the context of rank plots for two-dimensional data. Such plots can
also be interpreted as discrete copulas. In discrete mathematics, typically in the context of the description of
large (non-random) objects, two-dimensional copulas appear as limits of permutations and are then known as
permutons if the topology refers to the convergence of pattern frequencies. We obtain a functional central limit
theorem for such pattern frequencies in the context of two-dimensional random samples. The result serves as
the basis for nonparametric goodness-of-fit tests, for two-sample tests, and for tests of symmetry. This includes
a suitable variant of the bootstrap for obtaining critical values. Pattern-based procedures are also of interest in
a parametric context. We consider two examples, the Farlie-Gumbel-Morgenstern class and a family of delay
copulas. We discuss implementation aspects of the resulting procedures and we provide a simulation study that
supplements the theoretical results in the nonparametric case.

Keywords: Bootstrap; copula; Cramér-von Mises type test; goodness-of-fit test; Kolmogorov-Smirnov type test;
permuton; random permutation; rank plot; two-sample test
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We construct an intrinsic family of Gaussian noises on the d-dimensional flat torus T4, It is the analogue of the
colored noise on R¥ and allows us to study stochastic PDEs on the torus in the Itd sense in high dimensions. With
this noise, we consider the parabolic Anderson model (PAM) with measure-valued initial conditions and establish
some basic properties of the solution, including a sharp upper and lower bound for the moments and Holder
continuity in space and time. The study of the toy model of T4 in the present paper is a first step in our effort
to understand how geometry and topology play a role in the behavior of stochastic PDEs on general (compact)
manifolds.

Keywords: Brownian bridge; Dalang’s condition; intermittency; moment asymptotics; measure-valued initial
condition; moment Lyapunov exponent; stochastic heat equation on torus; theta function
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Subexponential estimates for the first hitting
time of a Brownian motion with singular drift
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We study the effect of a power law drift on the Brownian motion in the positive half-line, where the order of
the drift at 0 and oo is different. The first hitting time of O is finite almost surely, even when the drift near O is
positive and unbounded. We obtain subexponential estimates for the tail distribution of the hitting time of 0, that
are independent of the singular behavior of the drift near the origin.
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In this paper, we establish a large deviations principle for a multivariate compound process induced by a multi-
variate Hawkes process with random marks. Our proof hinges on showing essential smoothness of the limiting
cumulant of the multivariate compound process, resolving the inherent complication that this cumulant is im-
plicitly characterized through a fixed-point representation. We employ the large deviations principle to derive
logarithmic asymptotic results on the marginal ruin probabilities of the associated multivariate risk process. We
also show how to conduct rare event simulation in this multivariate setting using importance sampling and prove
the asymptotic efficiency of our importance sampling based estimators.
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For the general time-homogeneous Markov process, do numerical discretizations exactly preserve its probabilistic
limit behaviors, in particular the strong LLN and the CLT? This paper gives a positive answer to the question
by proposing a unified and transparent approach to investigating probabilistic limit behaviors of numerical dis-
cretizations of time-homogeneous Markov processes. Once the properties of uniformly mixing and convergence
for numerical discretizations are satisfied, it is shown that the time-averages of numerical discretizations converge
to the ergodic limit in the almost surely sense and that the normalized time-averages converge in distribution to
a normal distribution. The limits coincide with the ones for the underlying Markov process. Our results have the
merit of the flexible application to numerical discretizations for a large class of stochastic differential equations.
Notably, the preservation of these probabilistic limit behaviors of the full discretization of the stochastic Allen—
Cahn equation and numerical discretizations of stochastic functional differential equations are obtained for the first
time.

Keywords: Central limit theorem; Markov process; numerical discretization; probabilistic limit behaviors; strong
law of large numbers
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Information geometry and asymptotics for
Kronecker covariances
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We explore the information geometry and asymptotic behaviour of estimators for Kronecker-structured covari-
ances, in both growing-n and growing-p scenarios, with a focus towards examining the estimator proposed by
Linton and Tang, which we refer to as the partial trace estimator. It is shown that the partial trace estimator is
asymptotically inefficient. An explanation for this inefficiency is that the partial trace estimator does not scale sub-
blocks of the sample covariance matrix optimally. To correct for this, an asymptotically efficient, rescaled partial
trace estimator is introduced. Motivated by this rescaling, we introduce an orthogonal parameterization for the set
of Kronecker covariances. High-dimensional consistency results using the partial trace estimator are obtained that
demonstrate a blessing of dimensionality. In settings where an array has at least order three, it is shown that as
the array dimensions jointly increase, it is possible to consistently estimate the Kronecker covariance matrix, even
when the sample size is one.

Keywords: Exponential family; Fisher information metric; high-dimensional; Kronecker product; orthogonal
parameterization; partial trace; tensor
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We use the concept of excursions to predict random variables without moment existence assumptions. To do so, an
excursion metric on the space of random variables is defined as a weighted L!-distance. Using equivalent forms
of this metric and the specific choice of excursion levels, we formulate the prediction problem as a minimization
of a certain target functional. Existence of the solution and weak consistency of the predictor are discussed. An
application to extrapolating stationary heavy-tailed random functions illustrates the use of our approach. Numerical
experiments predicting Gaussian, a-stable and further heavy—tailed time series complement the paper.

Keywords: Excursion; extrapolation; forecasting; Gini metric; heavy tails; level set; (linear) prediction; stable
random function; stationary random field; statistical learning; time series
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Among the various models designed for dependent count data, integer-valued autoregressive (INAR) processes
enjoy great popularity. Typically, statistical inference for INAR models uses asymptotic theory that relies on rather
stringent (parametric) assumptions on the innovations such as Poisson or negative binomial distributions. In this
paper, we present a novel semi-parametric goodness-of-fit test tailored for the INAR model class. Relying on the
INAR-specific shape of the joint probability generating function, our approach allows for model validation of INAR
models without specifying the (family of the) innovation distribution. We derive the limiting null distribution of
our proposed test statistic, prove consistency under fixed alternatives and discuss its asymptotic behavior under
local alternatives. By manifold Monte Carlo simulations, we illustrate the overall good performance of our testing
procedure in terms of power and size properties. In particular, it turns out that the power can be considerably
improved by using higher-order test statistics. In supplementary material, we provide an application to three real-
world economic data sets.

Keywords: Bootstrap; count time series; goodness-of-fit; local power; probability generating function;
semi-parametric estimation
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Asymptotic expansions in the central limit
theorem for a super-Brownian motion
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Let {X;};>0 be a d-dimensional supercritical super-Brownian motion started from the Dirac measure at zero. In
this work, we prove that, almost surely, for any bounded measurable function f,

Jlim e BUX (F(-IND) = v(HW,

where v is the standard Gaussian measure, 3 is a constant satisfying Pt =E[X; (Rd)] and W is some non-negative
random variable. Moreover, we establish the asymptotic expansion of any order in above central limit theorem.

Keywords: Fourier transform; Garsia’s inequality; super-Brownian motion
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Estimating the history of a random recursive tree
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This paper studies the problem of estimating the order of arrival of the vertices in a random recursive tree. Specif-
ically, we study two fundamental models: the uniform attachment model and the linear preferential attachment
model. We propose an order estimator based on the Jordan centrality measure and define a family of risk measures
to quantify the quality of the ordering procedure. Moreover, we establish a minimax lower bound for this problem,
and prove that the proposed estimator is nearly optimal. Finally, we numerically demonstrate that the proposed
estimator outperforms degree-based and spectral ordering procedures.

Keywords: Latent variable estimation; network archaeology; seriation
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We develop partially linear additive modeling techniques for a response variable situated in a Riemannian mani-
fold, where the number of linear components may diverge with the sample size. We explore both ridge-based and
SCAD-based methods for estimating the linear coefficients, and modify the smooth backfitting techniques to es-
timate the nonparametric components. We show that our proposed variable selection approaches exhibit selection
consistency and that the parametric estimators possess the oracle property. Moreover, our nonparametric estima-
tors achieve the convergence rate of univariate nonparametric models. The advantages of the proposed method are
demonstrated through numerical studies and an application to an ADNI dataset.

Keywords: Additive models; high-dimensional covariate; partially linear models; profiling; smooth backfitting;
SPD matrix data
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Hypothesis testing for functional linear models
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Hypothesis testing for the slope function in functional linear regression is of both practical and theoretical interest.
We develop a novel test for the nullity of the slope function, where testing the slope function is transformed into
testing a high-dimensional vector based on functional principal component analysis. This transformation fully cir-
cumvents ill-posedness in functional linear regression, thereby enhancing numeric stability. The proposed method
leverages the technique of bootstrapping max statistics and exploits the inherent variance decay property of func-
tional data, improving the empirical power of tests especially when the sample size is limited or the signal is
relatively weak. We establish validity and consistency of our proposed test when the functional principal com-
ponents are derived from data. Moreover, we show that the test maintains its asymptotic validity and consistency,
even when including all empirical functional principal components in our test statistics. This sharply contrasts with
the task of estimating the slope function, which requires a delicate choice of the number (at most in the order of
+/n) of functional principal components to ensure estimation consistency. This distinction highlights an interesting
difference between estimation and statistical inference regarding the slope function in functional linear regression.
To the best of our knowledge, the proposed test is the first of its kind to utilize all empirical functional principal
components in functional linear models.

Keywords: 1ll-posedness; max statistic; slope function; uniform bootstrap approximation; uniform Gaussian
approximation
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In this article, we propose a new non-parametric Kendall’s 7 for matrix-variate observations that are ubiquitous
in areas such as finance and medical imaging, named as row/column matrix Kendall’s tau. For a random matrix
following the matrix-variate elliptically contoured distribution, we show that the eigenspaces of the proposed
row/column matrix Kendall’s tau coincide with those of the row/column scatter matrix respectively, with the same
descending order of the eigenvalues. To show the usefulness of the new non-parametric Kendall’s 7, we focus
on a two-way dimension reduction model, namely the growing popular “matrix factor model” in the literature.
We perform eigenvalue decomposition to the generalized row/column matrix Kendall’s tau for recovering the
loading spaces of the matrix factor model. We also propose to estimate the pair of factor numbers by exploiting
the eigenvalue-ratios of the row/column matrix Kendall’s tau. Theoretically, we derive the convergence rates of
the estimators for loading spaces, factor scores and common components without any moment constraints on the
idiosyncratic errors. Bahadur representation for the estimated loadings is also provided. The proposed methods
can further be generalized to analyze high-order tensors. Thorough simulation studies are conducted to show the
higher degree of robustness of the proposed estimators over the existing ones. Analysis of a financial dataset of
asset returns in the supplement illustrates the empirical usefulness of the proposed method. An R package named
“MKendall” to implement the procedure is available on R CRAN.

Keywords: Elliptical distribution; Kendall’s tau; matrix factor model; principal component analysis
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Detecting changes in dependent time series is an important topic in statistics. Tests for change points have been
developed for different data structures, including multivariate, high-dimensional and even functional data. In func-
tional data analysis, most literature focuses on retrospective settings, where the full dataset is collected before
searching for changes. In this work, we follow the different paradigm of sequential monitoring. Here, data ar-
rive successively, and the user tries to determine on an ongoing basis whether a change has already occurred
- for an open-ended time period. This problem has not been investigated before for infinite dimensional data,
where the standard tools to validate monitoring schemes are not available. In this work, we propose a different
approach, combining strong approximations for Banach space valued data, with bounds from empirical process
theory. Therewith, we validate monitoring schemes on a range of function spaces, including LP-functions and
spaces of continuous functions. In the latter case, we also propose theory for data with an unbounded domain - a
problem rarely considered for functional data. An application of our theory to monitoring sequences of estimated
densities is given. We investigate practical aspects of our approach in a simulation study and a data example on
Exchange Traded Funds.

Keywords: Banach space; change point; functional data; monitoring
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