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THE RIGHT COMPLEXITY MEASURE IN LOCALLY PRIVATE
ESTIMATION: IT IS NOT THE FISHER INFORMATION

BY JOHN C. DUCHI1,a AND FENG RUAN2,b

1Department of Statistics, Stanford University, ajduchi@stanford.edu
2Department of Statistics and Data Science, Northwestern University, bfengruan@northwestern.edu

We identify fundamental tradeoffs between statistical utility and pri-
vacy under local models of privacy in which data is kept private even from
the statistician, providing instance-specific bounds for private estimation and
learning problems by developing the local minimax risk. In contrast to ap-
proaches based on worst-case (minimax) error, which are conservative, this
allows us to evaluate the difficulty of individual problem instances and delin-
eate the possibilities for adaptation in private estimation and inference. Our
main results show that the local modulus of continuity of the estimand with
respect to the variation distance—as opposed to the Hellinger distance cen-
tral to classical statistics—characterizes rates of convergence under locally
private estimation for many notions of privacy, including differential privacy
and its relaxations. As consequences of these results, we identify an alterna-
tive to the Fisher information for private estimation, giving a more nuanced
understanding of the challenges of adaptivity and optimality.
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MAXIMUM LIKELIHOOD FOR HIGH-NOISE GROUP ORBIT ESTIMATION
AND SINGLE-PARTICLE CRYO-EM

BY ZHOU FAN1,a, ROY R. LEDERMAN1,b, YI SUN2,e, TIANHAO WANG1,c AND
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Motivated by applications to single-particle cryo-electron microscopy
(cryo-EM), we study several problems of function estimation in a high noise
regime, where samples are observed after random rotation and possible linear
projection of the function domain. We describe a stratification of the Fisher
information eigenvalues according to transcendence degrees of graded pieces
of the algebra of group invariants, and we relate critical points of the log-
likelihood landscape to a sequence of moment optimization problems, ex-
tending previous results for a discrete rotation group without projections.

We then compute the transcendence degrees and forms of these optimiza-
tion problems for several examples of function estimation under SO(2) and
SO(3) rotations, including a simplified model of cryo-EM as introduced by
Bandeira, Blum-Smith, Kileel, Niles-Weed, Perry and Wein. We affirmatively
resolve conjectures that third-order moments are sufficient to locally identify
a generic signal up to its rotational orbit in these examples.

For low-dimensional approximations of the electric potential maps of two
small protein molecules, we empirically verify that the noise scalings of the
Fisher information eigenvalues conform with our theoretical predictions over
a range of SNR, in a model of SO(3) rotations without projections.
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Variable selection on the large-scale networks has been extensively stud-
ied in the literature. While most of the existing methods are limited to the lo-
cal functionals especially the graph edges, this paper focuses on selecting the
discrete hub structures of the networks. Specifically, we propose an inferen-
tial method, called StarTrek filter, to select the hub nodes with degrees larger
than a certain thresholding level in the high-dimensional graphical models
and control the false discovery rate (FDR). Discovering hub nodes in the net-
works is challenging: there is no straightforward statistic for testing the de-
gree of a node due to the combinatorial structures; complicated dependence in
the multiple testing problem is hard to characterize and control. In method-
ology, the StarTrek filter overcomes this by constructing p-values based on
the maximum test statistics via the Gaussian multiplier bootstrap. In theory,
we show that the StarTrek filter can control the FDR by providing accurate
bounds on the approximation errors of the quantile estimation and addressing
the dependence structures among the maximal statistics.

To this end, we establish novel Cramér-type comparison bounds for the
high-dimensional Gaussian random vectors. Compared to the Gaussian com-
parison bound via the Kolmogorov distance established by Chernozhukov,
Chetverikov and Kato (Ann. Statist. 42 (2014) 1787–1818), our Cramér-type
comparison bounds establish the relative difference between the distribution
functions of two high-dimensional Gaussian random vectors, which is essen-
tial in the theoretical analysis of FDR control. Moreover, the StarTrek filter
can be applied to general statistical models for FDR control of discovering
discrete structures such as simultaneously testing the sparsity levels of multi-
ple high-dimensional linear models. We illustrate the validity of the StarTrek
filter in a series of numerical experiments and apply it to the genotype-tissue
expression dataset to discover central regulator genes.
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CHARACTERIZATION OF CAUSAL ANCESTRAL GRAPHS FOR TIME
SERIES WITH LATENT CONFOUNDERS
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In this paper, we introduce a novel class of graphical models for repre-
senting time-lag specific causal relationships and independencies of multi-
variate time series with unobserved confounders. We completely characterize
these graphs and show that they constitute proper subsets of the currently
employed model classes. As we show, from the novel graphs one can thus
draw stronger causal inferences—without additional assumptions. We fur-
ther introduce a graphical representation of Markov equivalence classes of
the novel graphs. This graphical representation contains more causal knowl-
edge than what current state-of-the-art causal discovery algorithms learn.
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Tensor PCA is a stylized statistical inference problem introduced by
Montanari and Richard to study the computational difficulty of estimating
an unknown parameter from higher-order moment tensors. Unlike its matrix
counterpart, Tensor PCA exhibits a statistical-computational gap, that is, a
sample size regime where the problem is information-theoretically solvable
but conjectured to be computationally hard. This paper derives computational
lower bounds on the run-time of memory bounded algorithms for Tensor PCA
using communication complexity. These lower bounds specify a trade-off
among the number of passes through the data sample, the sample size and
the memory required by any algorithm that successfully solves Tensor PCA.
While the lower bounds do not rule out polynomial-time algorithms, they do
imply that many commonly-used algorithms, such as gradient descent and
power method, must have a higher iteration count when the sample size is not
large enough. Similar lower bounds are obtained for non-Gaussian compo-
nent analysis, a family of statistical estimation problems in which low-order
moment tensors carry no information about the unknown parameter. Finally,
stronger lower bounds are obtained for an asymmetric variant of Tensor PCA
and related statistical estimation problems. These results explain why many
estimators for these problems use a memory state that is significantly larger
than the effective dimensionality of the parameter of interest.
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This paper studies the semisupervised novelty detection problem where
a set of “typical” measurements is available to the researcher. Motivated by
recent advances in multiple testing and conformal inference, we propose
AdaDetect, a flexible method that is able to wrap around any probabilistic
classification algorithm and control the false discovery rate (FDR) on de-
tected novelties in finite samples without any distributional assumption other
than exchangeability. In contrast to classical FDR-controlling procedures that
are often committed to a pre-specified p-value function, AdaDetect learns the
transformation in a data-adaptive manner to focus the power on the directions
that distinguish between inliers and outliers. Inspired by the multiple test-
ing literature, we further propose variants of AdaDetect that are adaptive to
the proportion of nulls while maintaining the finite-sample FDR control. The
methods are illustrated on synthetic datasets and real-world datasets, includ-
ing an application in astrophysics.
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To test independence between two high-dimensional random vectors, we
propose three tests based on the rank-based indices derived from Hoeffd-
ing’s D, Blum–Kiefer–Rosenblatt’s R and Bergsma–Dassios–Yanagimoto’s
τ∗. Under the null hypothesis of independence, we show that the distribu-
tions of the proposed test statistics converge to normal ones if the dimensions
diverge arbitrarily with the sample size. We further derive an explicit rate
of convergence. Thanks to the monotone transformation-invariant property,
these distribution-free tests can be readily used to generally distributed ran-
dom vectors including heavily-tailed ones. We further study the local power
of the proposed tests and compare their relative efficiencies with two clas-
sic distance covariance/correlation based tests in high-dimensional settings.
We establish explicit relationships between D, R, τ∗ and Pearson’s correla-
tion for bivariate normal random variables. The relationships serve as a basis
for power comparison. Our theoretical results show that under a Gaussian
equicorrelation alternative: (i) the proposed tests are superior to the two clas-
sic distance covariance/correlation based tests if the components of random
vectors have very different scales; (ii) the asymptotic efficiency of the pro-
posed tests based on D, τ∗ and R are sorted in a descending order.
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Motivated by a range of applications, we study in this paper the problem
of transfer learning for nonparametric contextual multi-armed bandits under
the covariate shift model, where we have data collected from source bandits
before the start of the target bandit learning. The minimax rate of conver-
gence for the cumulative regret is established and a novel transfer learning
algorithm that attains the minimax regret is proposed. The results quantify
the contribution of the data from the source domains for learning in the target
domain in the context of nonparametric contextual multi-armed bandits.

In view of the general impossibility of adaptation to unknown smooth-
ness, we develop a data-driven algorithm that achieves near-optimal statisti-
cal guarantees (up to a logarithmic factor) while automatically adapting to
the unknown parameters over a large collection of parameter spaces under an
additional self-similarity assumption. A simulation study is carried out to il-
lustrate the benefits of utilizing the data from the source domains for learning
in the target domain.
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This paper is concerned with offline reinforcement learning (RL), which
learns using precollected data without further exploration. Effective offline
RL would be able to accommodate distribution shift and limited data cover-
age. However, prior results either suffer from suboptimal sample complexities
or incur high burn-in cost to reach sample optimality, thus posing an impedi-
ment to efficient offline RL in sample-starved applications.

We demonstrate that the model-based (or “plug-in”) approach achieves
minimax-optimal sample complexity without any burn-in cost for tabular
Markov decision processes (MDPs). Concretely, consider a γ -discounted
infinite-horizon (resp., finite-horizon) MDP with S states and effective hori-
zon 1

1−γ
(resp., horizon H ), and suppose the distribution shift of data is re-

flected by some single-policy clipped concentrability coefficient C�
clipped. We

prove that model-based offline RL yields ε-accuracy with a sample complex-
ity of

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

SC�
clipped

(1 − γ )3ε2 (infinite-horizon MDPs),

H 4SC�
clipped

ε2 (finite-horizon MDPs),

up to log factor, which is minimax optimal for the entire ε-range. The pro-
posed algorithms are “pessimistic” variants of value iteration with Bernstein-
style penalties, and do not require sophisticated variance reduction. Our anal-
ysis framework is established upon delicate leave-one-out decoupling argu-
ments in conjunction with careful self-bounding techniques tailored to MDPs.
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We study the continuous multireference alignment model of estimating
a periodic function on the circle from noisy and circularly-rotated observa-
tions. Motivated by analogous high-dimensional problems that arise in cryo-
electron microscopy, we establish minimax rates for estimating generic sig-
nals that are explicit in the dimension K . In a high-noise regime with noise
variance σ 2 � K , for signals with Fourier coefficients of roughly uniform
magnitude, the rate scales as σ 6 and has no further dependence on the di-
mension. This rate is achieved by a bispectrum inversion procedure, and our
analyses provide new stability bounds for bispectrum inversion that may be
of independent interest. In a low-noise regime where σ 2 � K/ logK , the rate
scales instead as Kσ 2, and we establish this rate by a sharp analysis of the
maximum likelihood estimator that marginalizes over latent rotations. A com-
plementary lower bound that interpolates between these two regimes is ob-
tained using Assouad’s hypercube lemma. We extend these analyses also to
signals whose Fourier coefficients have a slow power law decay.

REFERENCES

[1] ABBE, E., BENDORY, T., LEEB, W., PEREIRA, J. M., SHARON, N. and SINGER, A. (2019). Multireference
alignment is easier with an aperiodic translation distribution. IEEE Trans. Inf. Theory 65 3565–3584.
MR3959006 https://doi.org/10.1109/TIT.2018.2889674

[2] ABBE, E., PEREIRA, J. M. and SINGER, A. (2018). Estimation in the group action channel. In 2018 IEEE
International Symposium on Information Theory (ISIT) 561–565. IEEE, New York.

[3] BANDEIRA, A. S., BLUM-SMITH, B., KILEEL, J., NILES-WEED, J., PERRY, A. and WEIN, A. S. (2023).
Estimation under group actions: Recovering orbits from invariants. Appl. Comput. Harmon. Anal. 66
236–319. MR4609472 https://doi.org/10.1016/j.acha.2023.06.001

[4] BANDEIRA, A. S., CHARIKAR, M., SINGER, A. and ZHU, A. (2014). Multireference alignment using
semidefinite programming. In ITCS’14—Proceedings of the 2014 Conference on Innovations in Theo-
retical Computer Science 459–470. ACM, New York. MR3359498

[5] BANDEIRA, A. S., CHEN, Y. and SINGER, A. (2015). Non-unique games over compact groups and orien-
tation estimation in cryo-EM. Preprint. Available at arXiv:1505.03840.

[6] BANDEIRA, A. S., NILES-WEED, J. and RIGOLLET, P. (2019). Optimal rates of estimation for multi-
reference alignment. Math. Stat. Learn. 2 25–75. MR4073147 https://doi.org/10.4171/msl/11

[7] BENDORY, T., BARTESAGHI, A. and SINGER, A. (2020). Single-particle cryo-electron microscopy: Math-
ematical theory, computational challenges, and opportunities. IEEE Signal Process. Mag. 37 58–76.
https://doi.org/10.1109/msp.2019.2957822

[8] BENDORY, T., BOUMAL, N., MA, C., ZHAO, Z. and SINGER, A. (2018). Bispectrum inversion with
application to multireference alignment. IEEE Trans. Signal Process. 66 1037–1050. MR3771661
https://doi.org/10.1109/TSP.2017.2775591

[9] BENDORY, T., EDIDIN, D., LEEB, W. and SHARON, N. (2022). Dihedral multi-reference alignment. IEEE
Trans. Inf. Theory 68 3489–3499. MR4433234 https://doi.org/10.1109/tit.2022.3146488

[10] BENDORY, T., JAFFE, A., LEEB, W., SHARON, N. and SINGER, A. (2022). Super-resolution multi-
reference alignment. Inf. Inference 11 533–555. MR4440674 https://doi.org/10.1093/imaiai/iaab003

[11] BOUMAL, N. (2016). Nonconvex phase synchronization. SIAM J. Optim. 26 2355–2377. MR3566919
https://doi.org/10.1137/16M105808X

MSC2020 subject classifications. Primary 62G05; secondary 62C20.
Key words and phrases. Function estimation, group invariance, bispectrum inversion.

https://imstat.org/journals-and-publications/annals-of-statistics/
https://doi.org/10.1214/23-AOS2346
http://www.imstat.org
mailto:zehao.dou@yale.edu
mailto:zhou.fan@yale.edu
mailto:huibin.zhou@yale.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3959006
https://doi.org/10.1109/TIT.2018.2889674
https://mathscinet.ams.org/mathscinet-getitem?mr=4609472
https://doi.org/10.1016/j.acha.2023.06.001
https://mathscinet.ams.org/mathscinet-getitem?mr=3359498
http://arxiv.org/abs/1505.03840
https://mathscinet.ams.org/mathscinet-getitem?mr=4073147
https://doi.org/10.4171/msl/11
https://doi.org/10.1109/msp.2019.2957822
https://mathscinet.ams.org/mathscinet-getitem?mr=3771661
https://doi.org/10.1109/TSP.2017.2775591
https://mathscinet.ams.org/mathscinet-getitem?mr=4433234
https://doi.org/10.1109/tit.2022.3146488
https://mathscinet.ams.org/mathscinet-getitem?mr=4440674
https://doi.org/10.1093/imaiai/iaab003
https://mathscinet.ams.org/mathscinet-getitem?mr=3566919
https://doi.org/10.1137/16M105808X
https://mathscinet.ams.org/mathscinet/msc/msc2020.html


[12] BOUMAL, N., BENDORY, T., LEDERMAN, R. R. and SINGER, A. (2018). Heterogeneous multireference
alignment: A single pass approach. In 2018 52nd Annual Conference on Information Sciences and
Systems (CISS) 1–6. IEEE, New York.

[13] BROWN, L. G. (1992). A survey of image registration techniques. ACM Comput. Surv. 24 325–376.
[14] BRUNEL, V.-E. (2019). Learning rates for Gaussian mixtures under group action. In Conference on Learn-

ing Theory 471–491. PMLR.
[15] CAI, T. T. and ZHOU, H. H. (2012). Optimal rates of convergence for sparse covariance matrix estimation.

Ann. Statist. 40 2389–2420. MR3097607 https://doi.org/10.1214/12-AOS998
[16] DIAMOND, R. (1992). On the multiple simultaneous superposition of molecular structures by rigid body

transformations. Protein Sci. 1 1279–1287. https://doi.org/10.1002/pro.5560011006
[17] DOU, Z., FAN, Z. and ZHOU, H. (2024). Supplement to “Rates of estimation for high-dimensional mul-

tireference alignment.” https://doi.org/10.1214/23-AOS2346SUPP
[18] FAN, Z., LEDERMAN, R. R., SUN, Y., WANG, T. and XU, S. (2021). Maximum likelihood for high-noise

group orbit estimation and single-particle cryo-EM. Preprint. Available at arXiv:2107.01305.
[19] FAN, Z., SUN, Y., WANG, T. and WU, Y. (2023). Likelihood landscape and maximum likelihood estimation

for the discrete orbit recovery model. Comm. Pure Appl. Math. 76 1208–1302. MR4582297
[20] GHOSH, S. and RIGOLLET, P. (2021). Multi-reference alignment for sparse signals, uniform uncertainty

principles and the beltway problem. Preprint. Available at arXiv:2106.12996.
[21] KAM, Z. (1980). The reconstruction of structure from electron micrographs of randomly oriented particles.

J. Theoret. Biol. 82 15–39. https://doi.org/10.1016/0022-5193(80)90088-0
[22] KATSEVICH, A. E. and BANDEIRA, A. S. (2023). Likelihood maximization and moment matching in low

SNR Gaussian mixture models. Comm. Pure Appl. Math. 76 788–842. MR4569606 https://doi.org/10.
1002/cpa.22051

[23] LATAŁA, R. (2006). Estimates of moments and tails of Gaussian chaoses. Ann. Probab. 34 2315–2331.
MR2294983 https://doi.org/10.1214/009117906000000421

[24] LING, S. (2022). Near-optimal performance bounds for orthogonal and permutation group synchronization
via spectral methods. Appl. Comput. Harmon. Anal. 60 20–52. MR4387245 https://doi.org/10.1016/j.
acha.2022.02.003

[25] PERRY, A., WEED, J., BANDEIRA, A. S., RIGOLLET, P. and SINGER, A. (2019). The sample complexity
of multireference alignment. SIAM J. Math. Data Sci. 1 497–517. MR4002723 https://doi.org/10.1137/
18M1214317

[26] PERRY, A., WEIN, A. S., BANDEIRA, A. S. and MOITRA, A. (2018). Message-passing algorithms for
synchronization problems over compact groups. Comm. Pure Appl. Math. 71 2275–2322. MR3862091
https://doi.org/10.1002/cpa.21750

[27] PUMIR, T., SINGER, A. and BOUMAL, N. (2021). The generalized orthogonal Procrustes problem in the
high noise regime. Inf. Inference 10 921–954. MR4312088 https://doi.org/10.1093/imaiai/iaaa035

[28] RITOV, Y. (1989). Estimating a signal with noisy nuisance parameters. Biometrika 76 31–37. MR0991420
https://doi.org/10.1093/biomet/76.1.31

[29] ROMANOV, E., BENDORY, T. and ORDENTLICH, O. (2021). Multi-reference alignment in high dimen-
sions: Sample complexity and phase transition. SIAM J. Math. Data Sci. 3 494–523. MR4245326
https://doi.org/10.1137/20M1354994

[30] SADLER, B. M. and GIANNAKIS, G. B. (1992). Shift-and rotation-invariant object reconstruction using the
bispectrum. J. Opt. Soc. Amer. A 9 57–69.

[31] SCHERES, S. H. W. (2012). RELION: Implementation of a Bayesian approach to cryo-EM structure deter-
mination. J. Struct. Biol. 180 519–530. https://doi.org/10.1016/j.jsb.2012.09.006

[32] SCHERES, S. H. W., VALLE, M., NUÑEZ, R., SORZANO, C. O. S., MARABINI, R., HERMAN, G. T.
and CARAZO, J.-M. (2005). Maximum-likelihood multi-reference refinement for electron microscopy
images. J. Mol. Biol. 348 139–149. https://doi.org/10.1016/j.jmb.2005.02.031

[33] SHARON, N., KILEEL, J., KHOO, Y., LANDA, B. and SINGER, A. (2020). Method of moments for 3D
single particle ab initio modeling with non-uniform distribution of viewing angles. Inverse Probl. 36
044003, 40 pp. MR4072349 https://doi.org/10.1088/1361-6420/ab6139

[34] SIGWORTH, F. J. (1998). A maximum-likelihood approach to single-particle image refinement. J. Struct.
Biol. 122 328–339. https://doi.org/10.1006/jsbi.1998.4014

[35] SINGER, A. (2011). Angular synchronization by eigenvectors and semidefinite programming. Appl. Comput.
Harmon. Anal. 30 20–36. MR2737931 https://doi.org/10.1016/j.acha.2010.02.001

[36] SINGER, A., COIFMAN, R. R., SIGWORTH, F. J., CHESTER, D. W. and SHKOLNISKY, Y. (2010). Detect-
ing consistent common lines in cryo-EM by voting. J. Struct. Biol. 169 312–322. https://doi.org/10.
1016/j.jsb.2009.11.003

https://mathscinet.ams.org/mathscinet-getitem?mr=3097607
https://doi.org/10.1214/12-AOS998
https://doi.org/10.1002/pro.5560011006
https://doi.org/10.1214/23-AOS2346SUPP
http://arxiv.org/abs/2107.01305
https://mathscinet.ams.org/mathscinet-getitem?mr=4582297
http://arxiv.org/abs/2106.12996
https://doi.org/10.1016/0022-5193(80)90088-0
https://mathscinet.ams.org/mathscinet-getitem?mr=4569606
https://doi.org/10.1002/cpa.22051
https://mathscinet.ams.org/mathscinet-getitem?mr=2294983
https://doi.org/10.1214/009117906000000421
https://mathscinet.ams.org/mathscinet-getitem?mr=4387245
https://doi.org/10.1016/j.acha.2022.02.003
https://mathscinet.ams.org/mathscinet-getitem?mr=4002723
https://doi.org/10.1137/18M1214317
https://mathscinet.ams.org/mathscinet-getitem?mr=3862091
https://doi.org/10.1002/cpa.21750
https://mathscinet.ams.org/mathscinet-getitem?mr=4312088
https://doi.org/10.1093/imaiai/iaaa035
https://mathscinet.ams.org/mathscinet-getitem?mr=0991420
https://doi.org/10.1093/biomet/76.1.31
https://mathscinet.ams.org/mathscinet-getitem?mr=4245326
https://doi.org/10.1137/20M1354994
https://doi.org/10.1016/j.jsb.2012.09.006
https://doi.org/10.1016/j.jmb.2005.02.031
https://mathscinet.ams.org/mathscinet-getitem?mr=4072349
https://doi.org/10.1088/1361-6420/ab6139
https://doi.org/10.1006/jsbi.1998.4014
https://mathscinet.ams.org/mathscinet-getitem?mr=2737931
https://doi.org/10.1016/j.acha.2010.02.001
https://doi.org/10.1016/j.jsb.2009.11.003
https://doi.org/10.1002/cpa.22051
https://doi.org/10.1016/j.acha.2022.02.003
https://doi.org/10.1137/18M1214317
https://doi.org/10.1016/j.jsb.2009.11.003


[37] SINGER, A. and SHKOLNISKY, Y. (2011). Three-dimensional structure determination from common
lines in cryo-EM by eigenvectors and semidefinite programming. SIAM J. Imaging Sci. 4 543–572.
MR2810897 https://doi.org/10.1137/090767777

[38] SINGER, A. and SIGWORTH, F. J. (2020). Computational methods for single-particle elec-
tron cryomicroscopy. Annu. Rev. Biomed. Data Sci. 3 163–190. https://doi.org/10.1146/
annurev-biodatasci-021020-093826

https://mathscinet.ams.org/mathscinet-getitem?mr=2810897
https://doi.org/10.1137/090767777
https://doi.org/10.1146/annurev-biodatasci-021020-093826
https://doi.org/10.1146/annurev-biodatasci-021020-093826


The Annals of Statistics
2024, Vol. 52, No. 1, 285–310
https://doi.org/10.1214/23-AOS2347
© Institute of Mathematical Statistics, 2024

SUPERVISED HOMOGENEITY FUSION: A COMBINATORIAL APPROACH

BY WEN WANG1,a, SHIHAO WU2,c, ZIWEI ZHU2,d, LING ZHOU3,e AND

PETER X.-K. SONG1,b

1Department of Biostatistics, University of Michigan, Ann Arbor, awangwen@umich.edu, bpxsong@umich.edu
2Department of Statistics, University of Michigan, Ann Arbor, cwshihao@umich.edu, dzzw9348ustc@gmail.com

3Center of Statistical Research, Southwestern University of Finance and Economics, elingzhou@swufe.edu.cn

Fusing regression coefficients into homogeneous groups can unveil those
coefficients that share a common value within each group. Such groupwise
homogeneity reduces the intrinsic dimension of the parameter space and un-
leashes sharper statistical accuracy. We propose and investigate a new combi-
natorial grouping approach called L0-Fusion that is amenable to mixed inte-
ger optimization (MIO). On the statistical aspect, we identify a fundamental
quantity called MSE grouping sensitivity that underpins the difficulty of re-
covering the true groups. We show that L0-Fusion achieves grouping consis-
tency under the weakest possible requirement of the grouping sensitivity: if
this requirement is violated, then the minimax risk of group misspecification
will fail to converge to zero. Moreover, we show that in the high-dimensional
regime, one can apply L0-Fusion with a sure screening set of features without
any essential loss of statistical efficiency, while reducing the computational
cost substantially. On the algorithmic aspect, we provide an MIO formula-
tion for L0-Fusion along with a warm start strategy. Simulation and real data
analysis demonstrate that L0-Fusion exhibits superiority over its competitors
in terms of grouping accuracy.
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Testing for pairwise independence for the case where the number of vari-
ables may be of the same size or even larger than the sample size has received
increasing attention in the recent years. We contribute to this branch of the
literature by considering tests that allow to detect higher-order dependencies.
The proposed methods are based on connecting the problem to copulas and
making use of the Moebius transformation of the empirical copula process;
an approach that is related to Lancaster interactions and that has already been
used successfully for the case where the number of variables is fixed. Based
on a martingale central limit theorem, it is shown that respective test statis-
tics converge to the standard normal distribution, allowing for straightforward
definition of critical values. The results are illustrated by a Monte Carlo sim-
ulation study.
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ADAPTIVE VARIATIONAL BAYES: OPTIMALITY, COMPUTATION
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In this paper, we explore adaptive inference based on variational Bayes.
Although several studies have been conducted to analyze the contraction
properties of variational posteriors, there is still a lack of a general and com-
putationally tractable variational Bayes method that performs adaptive infer-
ence. To fill this gap, we propose a novel adaptive variational Bayes frame-
work, which can operate on a collection of models. The proposed framework
first computes a variational posterior over each individual model separately
and then combines them with certain weights to produce a variational poste-
rior over the entire model. It turns out that this combined variational posterior
is the closest member to the posterior over the entire model in a predefined
family of approximating distributions. We show that the adaptive variational
Bayes attains optimal contraction rates adaptively under very general condi-
tions. We also provide a methodology to maintain the tractability and adap-
tive optimality of the adaptive variational Bayes even in the presence of an
enormous number of individual models, such as sparse models. We apply the
general results to several examples, including deep learning and sparse factor
models, and derive new and adaptive inference results. In addition, we char-
acterize an implicit regularization effect of variational Bayes and show that
the adaptive variational posterior can utilize this.
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RANK AND FACTOR LOADINGS ESTIMATION IN TIME SERIES TENSOR
FACTOR MODEL BY PRE-AVERAGING
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The idiosyncratic components of a tensor time series factor model can
exhibit serial correlations, (e.g., finance or economic data), ruling out many
state-of-the-art methods that assume white/independent idiosyncratic com-
ponents. While the traditional higher order orthogonal iteration (HOOI) is
proved to be convergent to a set of factor loading matrices, the closeness of
them to the true underlying factor loading matrices are in general not estab-
lished, or only under i.i.d. Gaussian noises. Under the presence of serial and
cross-correlations in the idiosyncratic components and time series variables
with only bounded fourth-order moments, for tensor time series data with
tensor order two or above, we propose a pre-averaging procedure that can
be considered a random projection method. The estimated directions corre-
sponding to the strongest factors are then used for projecting the data for a po-
tentially improved re-estimation of the factor loading spaces themselves, with
theoretical guarantees and rate of convergence spelt out when not all factors
are pervasive. We also propose a new rank estimation method, which utilizes
correlation information from the projected data. Extensive simulations are
performed and compared to other state-of-the-art or traditional alternatives.
A set of tensor-valued NYC taxi data is also analyzed.
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ESTIMATION AND INFERENCE FOR MINIMIZER AND MINIMUM OF
CONVEX FUNCTIONS: OPTIMALITY, ADAPTIVITY AND UNCERTAINTY

PRINCIPLES

BY T. TONY CAIa, RAN CHENb AND YUANCHENG ZHUc

Department of Statistics and Data Science, The Wharton School, University Of Pennsylvania, atcai@wharton.upenn.edu,
bran1chen@wharton.upenn.edu, cyuancheng.zhu@gmail.com

Optimal estimation and inference for both the minimizer and minimum
of a convex regression function under the white noise and nonparametric re-
gression models are studied in a nonasymptotic local minimax framework,
where the performance of a procedure is evaluated at individual functions.
Fully adaptive and computationally efficient algorithms are proposed and
sharp minimax lower bounds are given for both the estimation accuracy and
expected length of confidence intervals for the minimizer and minimum.

The nonasymptotic local minimax framework brings out new phenomena
in simultaneous estimation and inference for the minimizer and minimum.
We establish a novel uncertainty principle that provides a fundamental limit
on how well the minimizer and minimum can be estimated simultaneously
for any convex regression function. A similar result holds for the expected
length of the confidence intervals for the minimizer and minimum.
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ERRATUM: IMPROVED MULTIVARIATE NORMAL MEAN ESTIMATION
WITH UNKNOWN COVARIANCE WHEN p IS GREATER THAN n

BY DIDIER CHÉTELATa

Polytechnique Montréal, adidier.chetelat@polymtl.ca

This erratum offers a correction to Chételat and Wells ((2012) Ann.
Statist. 40 3137–3160), following the note of Foroushani and Nkurunziza
((2023) arXiv:2311.13140).
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