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SAMPLING FROM POTTS ON RANDOM GRAPHS OF UNBOUNDED
DEGREE VIA RANDOM-CLUSTER DYNAMICS

BY ANTONIO BLANCA1,a AND REZA GHEISSARI2,b

1Department of CSE, Pennsylvania State University, aablanca@cse.psu.edu
2Departments of Statistics and EECS, University of California, Berkeley, bgheissari@berkeley.edu

We consider the problem of sampling from the ferromagnetic Potts
and random-cluster models on a general family of random graphs via the
Glauber dynamics for the random-cluster model. The random-cluster model
is parametrized by an edge probability p ∈ (0,1) and a cluster weight q > 0.
We establish that for every q ≥ 1, the random-cluster Glauber dynamics
mixes in optimal �(n logn) steps on n-vertex random graphs having a pre-
scribed degree sequence with bounded average branching γ throughout the
full high-temperature uniqueness regime p < pu(q, γ ).

The family of random graph models we consider includes the Erdős–
Rényi random graph G(n,γ /n), and so we provide the first polynomial-time
sampling algorithm for the ferromagnetic Potts model on Erdős–Rényi ran-
dom graphs for the full tree uniqueness regime. We accompany our results
with mixing time lower bounds (exponential in the largest degree) for the
Potts Glauber dynamics, in the same settings where our �(n logn) bounds
for the random-cluster Glauber dynamics apply. This reveals a novel and
significant computational advantage of random-cluster based algorithms for
sampling from the Potts model at high temperatures.
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We will prove the Berry–Esseen theorem for the number counting func-
tion of the circular β-ensemble (CβE), which will imply the central limit
theorem for the number of points in arcs of the unit circle in mesoscopic and
macroscopic scales. We will prove the main result by estimating the char-
acteristic functions of the Prüfer phases and the number counting function,
which will imply the uniform upper and lower bounds of their variance. We
also show that the similar results hold for the Sineβ process. As a direct appli-
cation of the uniform variance bound, we can prove the normality of the linear
statistics when the test function f (θ) ∈ W1,p(S1) for some p ∈ (1,+∞).
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Our study aims to specify the asymptotic error distribution in the dis-
cretization of a stochastic Volterra equation with a fractional kernel. It is well
known that for a standard stochastic differential equation, the discretization
error, normalized with its rate of convergence 1/

√
n, converges in law to the

solution of a certain linear equation. Similar to this, we show that a suitably
normalized discretization error of the Volterra equation converges in law to
the solution of a certain linear Volterra equation with the same fractional ker-
nel.
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Department of Mathematical Sciences, Korea Advanced Institute of Science and Technology, ayitingli@kaist.ac.kr

For a β ensemble on �(N) = {(x1, . . . , xN ) ∈ R
N |x1 ≤ · · · ≤ xN } with

real analytic potential and general β > 0, under the assumption that its equi-
librium measure is supported on q intervals where q > 1, we prove the fol-
lowing rigidity property for its particles.

1. In the bulk of the spectrum, with overwhelming probability, the distance
between a particle and its classical position is of order O(N−1+ε).

2. If k is close to 1 or close to N , that is, near the extreme edges of the
spectrum, then with overwhelming probability, the distance between the kth

largest particle and its classical position is of order O(N− 2
3 +ε min(k,N +

1 − k)− 1
3 ).

Here ε > 0 is an arbitrarily small constant. Our main idea is to decompose
the multi-cut β ensemble as a product of probability measures on spaces with
lower dimensions and show that each of these measures is very close to a β

ensemble in one-cut regime for which the rigidity of particles is known.
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The first motivation of this paper is to study stationarity and ergodic
properties for a general class of time series models defined conditional on
an exogenous covariates process. The dynamic of these models is given by
an autoregressive latent process which forms a Markov chain in random en-
vironments. Contrarily to existing contributions in the field of Markov chains
in random environments, the state space is not discrete and we do not use
small set type assumptions or uniform contraction conditions for the ran-
dom Markov kernels. Our assumptions are quite general and allow us to deal
with models that are not fully contractive, such as threshold autoregressive
processes. Using a coupling approach, we study the existence of a limit, in
Wasserstein metric, for the backward iterations of the chain. We also derive
ergodic properties for the corresponding skew-product Markov chain. Our re-
sults are illustrated with many examples of autoregressive processes widely
used in statistics or in econometrics, including GARCH type processes, count
autoregressions and categorical time series.
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In this article, we establish a near-optimal convergence rate for the CLT
of linear eigenvalue statistics of N × N Wigner matrices, in Kolmogorov–
Smirnov distance. For all test functions f ∈ C5(R), we show that the conver-
gence rate is either N−1/2+ε or N−1+ε , depending on the first Chebyshev
coefficient of f and the third moment of the diagonal matrix entries. The
condition that distinguishes these two rates is necessary and sufficient. For a
general class of test functions, we further identify matching lower bounds for
the convergence rates. In addition, we identify an explicit, nonuniversal con-
tribution in the linear eigenvalue statistics, which is responsible for the slow
rate N−1/2+ε for non-Gaussian ensembles. By removing this nonuniversal
part, we show that the shifted linear eigenvalue statistics have the unified
convergence rate N−1+ε for all test functions.
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Consider a uniformly random deck consisting of cards labelled by num-
bers from 1 through n, possibly with repeats. A guesser guesses the top card,
after which it is revealed and removed and the game continues. What is the
expected number of correct guesses under the best and worst strategies? We
establish sharp asymptotics for both strategies. For the worst case, this an-
swers a recent question of Diaconis, Graham, He and Spiro, who found the
correct order. As part of the proof, we study the birthday problem for sam-
pling without replacement using Stein’s method.
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We consider a random process on recursive trees, with three types of
events. Vertices give birth at a constant rate (growth), each edge may be re-
moved independently (fragmentation of the tree) and clusters (or trees) are
frozen with a rate proportional to their sizes (isolation of connected compo-
nent). A phase transition occurs when the isolation is able to stop the growth-
fragmentation process and cause extinction. When the process survives, the
number of clusters increases exponentially and we prove that the normalised
empirical measure of clusters a.s. converges to a limit law on recursive trees.
We exploit the branching structure associated to the size of clusters, which
is inherited from the splitting property of random recursive trees. This work
is motivated by the control of epidemics and contact tracing where clusters
correspond to trees of infected individuals that can be identified and isolated.
We complement this work by providing results on the Malthusian exponent
to describe the effect of control policies on epidemics.
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This work develops a powerful and versatile framework for determin-
ing acceptance ratios in Metropolis–Hastings-type Markov kernels widely
used in statistical sampling problems. Our approach allows us to derive new
classes of kernels which unify random walk or diffusion-type sampling meth-
ods with more complicated “extended phase space” algorithms based around
ideas from Hamiltonian dynamics. Our starting point is an abstract result de-
veloped in the generality of measurable state spaces that addresses proposal
kernels that possess a certain involution structure. Note that, while this under-
lying proposal structure suggests a scope which includes Hamiltonian-type
kernels, we demonstrate that our abstract result is, in an appropriate sense,
equivalent to an earlier general state space setting developed in (Ann. Appl.
Probab. 8 (1998) 1–9) where the connection to Hamiltonian methods was
more obscure.

On the basis of our abstract results we develop several new classes of
extended phase space, HMC-like algorithms. First we tackle the classical
finite-dimensional setting of a continuously distributed target measure. We
then consider an infinite-dimensional framework for targets which are ab-
solutely continuous with respect to a Gaussian measure with a trace-class
covariance. Each of these algorithm classes can be viewed as “surrogate-
trajectory” methods, providing a versatile methodology to bypass expensive
gradient computations through skillful reduced order modeling and/or data
driven approaches as we begin to explore in a forthcoming companion work
(Glatt-Holtz et al. (2023)). On the other hand, along with the connection of
our main abstract result to the framework in (Ann. Appl. Probab. 8 (1998) 1–
9), these algorithm classes provide a unifying picture connecting together a
number of popular existing algorithms which arise as special cases of our gen-
eral frameworks under suitable parameter choices. In particular we show that,
in the finite-dimensional setting, we can produce an algorithm class which
includes the Metropolis adjusted Langevin algorithm (MALA) and random
walk Metropolis method (RWMC) alongside a number of variants of the
HMC algorithm including the geometric approach introduced in (J. R. Stat.
Soc. Ser. B. Stat. Methodol. 73 (2011) 123–214). In the infinite-dimensional
situation, we show that the algorithm class we derive includes the precondi-
tioned Crank–Nicolson (pCN), ∞MALA and ∞HMC methods considered in
(Stoch. Dyn. 8 (2008) 319–350; Stochastic Process. Appl. 121 (2011) 2201–
2230; Statist. Sci. 28 (2013) 424–446) as special cases.

REFERENCES

[1] ALIPRANTIS, C. D. and BORDER, K. C. (2013). Infinite-Dimensional Analysis: A Hitchhiker’s Guide, 2nd
ed. Springer, Berlin. MR1717083 https://doi.org/10.1007/978-3-662-03961-8

[2] AMBROSIO, L., GIGLI, N. and SAVARÉ, G. (2008). Gradient Flows in Metric Spaces and in the Space of
Probability Measures, 2nd ed. Lectures in Mathematics ETH Zürich. Birkhäuser, Basel. MR2401600

MSC2020 subject classifications. 65P10, 65C05.
Key words and phrases. Markov chain Monte Carlo (MCMC) algorithms, Metropolis–Hastings algorithms,

sampling on abstract state spaces, Hamiltonian Monte Carlo, surrogate trajectory methods.

https://imstat.org/journals-and-publications/annals-of-applied-probability/
https://doi.org/10.1214/23-AAP1948
http://www.imstat.org
mailto:negh@tulane.edu
mailto:jkrometi@vt.edu
mailto:cf823@drexel.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=1717083
https://doi.org/10.1007/978-3-662-03961-8
https://mathscinet.ams.org/mathscinet-getitem?mr=2401600
https://mathscinet.ams.org/mathscinet/msc/msc2020.html


[3] ANDRIEU, C., LEE, A. and LIVINGSTONE, S. (2020). A general perspective on the Metropolis–Hastings
kernel. Preprint. Available at arXiv:2012.14881.

[4] ARNOLD, V. I. (2013). Mathematical Methods of Classical Mechanics. Graduate Texts in Mathematics 60.
Springer, New York. MR0690288

[5] ATCHADÉ, Y. F., FORT, G. and MOULINES, E. (2017). On perturbed proximal gradient algorithms.
J. Mach. Learn. Res. 18 Paper No. 10, 33 pp. MR3634877

[6] BÉNYI, Á., OH, T. and POCOVNICU, O. (2019). On the probabilistic Cauchy theory for nonlinear
dispersive PDEs. In Landscapes of Time-Frequency Analysis. Appl. Numer. Harmon. Anal. 1–32.
Birkhäuser/Springer, Cham. MR3889875

[7] BESAG, J. E. (1994). Comments on “Representations of knowledge in complex systems” by U. Grenander
and M. I. Miller. J. Roy. Statist. Soc. Ser. B 56 591–592.

[8] BESKOS, A., GIROLAMI, M., LAN, S., FARRELL, P. E. and STUART, A. M. (2017). Geometric MCMC for
infinite-dimensional inverse problems. J. Comput. Phys. 335 327–351. MR3612501 https://doi.org/10.
1016/j.jcp.2016.12.041

[9] BESKOS, A., KALOGEROPOULOS, K. and PAZOS, E. (2013). Advanced MCMC methods for sampling on
diffusion pathspace. Stochastic Process. Appl. 123 1415–1453. MR3016228 https://doi.org/10.1016/j.
spa.2012.12.001

[10] BESKOS, A., PINSKI, F. J., SANZ-SERNA, J. M. and STUART, A. M. (2011). Hybrid Monte Carlo on
Hilbert spaces. Stochastic Process. Appl. 121 2201–2230. MR2822774 https://doi.org/10.1016/j.spa.
2011.06.003

[11] BESKOS, A., ROBERTS, G., STUART, A. and VOSS, J. (2008). MCMC methods for diffusion bridges.
Stoch. Dyn. 8 319–350. MR2444507 https://doi.org/10.1142/S0219493708002378

[12] BETANCOURT, M. (2019). The convergence of Markov chain Monte Carlo methods: From the Metropolis
method to Hamiltonian Monte Carlo. Ann. Phys. 531 1700214, 6 pp. MR3925439 https://doi.org/10.
1002/andp.201700214

[13] BOGACHEV, V. I. (1998). Gaussian Measures. Mathematical Surveys and Monographs 62. Amer. Math.
Soc., Providence, RI. MR1642391 https://doi.org/10.1090/surv/062

[14] BOGACHEV, V. I. (2007). Measure Theory. Vol. I, II. Springer, Berlin. MR2267655 https://doi.org/10.1007/
978-3-540-34514-5

[15] BORGGAARD, J., GLATT-HOLTZ, N. and KROMETIS, J. (2020). A Bayesian approach to estimating back-
ground flows from a passive scalar. SIAM/ASA J. Uncertain. Quantificat. 8 1036–1060. MR4133486
https://doi.org/10.1137/19M1267544

[16] BOU-RABEE, N. and EBERLE, A. (2021). Two-scale coupling for preconditioned Hamiltonian Monte
Carlo in infinite dimensions. Stoch. Partial Differ. Equ. Anal. Comput. 9 207–242. MR4218791
https://doi.org/10.1007/s40072-020-00175-6

[17] BOU-RABEE, N. and SANZ-SERNA, J. M. (2018). Geometric integrators and the Hamiltonian Monte Carlo
method. Acta Numer. 27 113–206. MR3826507 https://doi.org/10.1017/s0962492917000101

[18] BOUCHARD-CÔTÉ, A., VOLLMER, S. J. and DOUCET, A. (2018). The bouncy particle sampler: A non-
reversible rejection-free Markov chain Monte Carlo method. J. Amer. Statist. Assoc. 113 855–867.
MR3832232 https://doi.org/10.1080/01621459.2017.1294075

[19] BOURGAIN, J. (1994). Periodic nonlinear Schrödinger equation and invariant measures. Comm. Math. Phys.
166 1–26. MR1309539

[20] BUI-THANH, T. and GHATTAS, O. (2014). An analysis of infinite dimensional Bayesian inverse shape
acoustic scattering and its numerical approximation. SIAM/ASA J. Uncertain. Quantificat. 2 203–222.
MR3283906 https://doi.org/10.1137/120894877

[21] BUI-THANH, T. and NGUYEN, Q. P. (2016). FEM-based discretization-invariant MCMC methods for
PDE-constrained Bayesian inverse problems. Inverse Probl. Imaging 10 943–975. MR3610747
https://doi.org/10.3934/ipi.2016028

[22] COTTER, S. L., ROBERTS, G. O., STUART, A. M. and WHITE, D. (2013). MCMC methods for functions:
Modifying old algorithms to make them faster. Statist. Sci. 28 424–446. MR3135540 https://doi.org/10.
1214/13-STS421

[23] DA PRATO, G. and ZABCZYK, J. (2014). Stochastic Equations in Infinite Dimensions, 2nd ed. Encyclo-
pedia of Mathematics and Its Applications 152. Cambridge Univ. Press, Cambridge. MR3236753
https://doi.org/10.1017/CBO9781107295513

[24] DASHTI, M. and STUART, A. M. (2017). The Bayesian approach to inverse problems. In Handbook of
Uncertainty Quantification. Vol. 1, 2, 3 311–428. Springer, Cham. MR3839555

[25] DUANE, S., KENNEDY, A. D., PENDLETON, B. J. and ROWETH, D. (1987). Hybrid Monte Carlo. Phys.
Lett. B 195 216–222. MR3960671 https://doi.org/10.1016/0370-2693(87)91197-x

http://arxiv.org/abs/arXiv:2012.14881
https://mathscinet.ams.org/mathscinet-getitem?mr=0690288
https://mathscinet.ams.org/mathscinet-getitem?mr=3634877
https://mathscinet.ams.org/mathscinet-getitem?mr=3889875
https://mathscinet.ams.org/mathscinet-getitem?mr=3612501
https://doi.org/10.1016/j.jcp.2016.12.041
https://mathscinet.ams.org/mathscinet-getitem?mr=3016228
https://doi.org/10.1016/j.spa.2012.12.001
https://mathscinet.ams.org/mathscinet-getitem?mr=2822774
https://doi.org/10.1016/j.spa.2011.06.003
https://mathscinet.ams.org/mathscinet-getitem?mr=2444507
https://doi.org/10.1142/S0219493708002378
https://mathscinet.ams.org/mathscinet-getitem?mr=3925439
https://doi.org/10.1002/andp.201700214
https://mathscinet.ams.org/mathscinet-getitem?mr=1642391
https://doi.org/10.1090/surv/062
https://mathscinet.ams.org/mathscinet-getitem?mr=2267655
https://doi.org/10.1007/978-3-540-34514-5
https://mathscinet.ams.org/mathscinet-getitem?mr=4133486
https://doi.org/10.1137/19M1267544
https://mathscinet.ams.org/mathscinet-getitem?mr=4218791
https://doi.org/10.1007/s40072-020-00175-6
https://mathscinet.ams.org/mathscinet-getitem?mr=3826507
https://doi.org/10.1017/s0962492917000101
https://mathscinet.ams.org/mathscinet-getitem?mr=3832232
https://doi.org/10.1080/01621459.2017.1294075
https://mathscinet.ams.org/mathscinet-getitem?mr=1309539
https://mathscinet.ams.org/mathscinet-getitem?mr=3283906
https://doi.org/10.1137/120894877
https://mathscinet.ams.org/mathscinet-getitem?mr=3610747
https://doi.org/10.3934/ipi.2016028
https://mathscinet.ams.org/mathscinet-getitem?mr=3135540
https://doi.org/10.1214/13-STS421
https://mathscinet.ams.org/mathscinet-getitem?mr=3236753
https://doi.org/10.1017/CBO9781107295513
https://mathscinet.ams.org/mathscinet-getitem?mr=3839555
https://mathscinet.ams.org/mathscinet-getitem?mr=3960671
https://doi.org/10.1016/0370-2693(87)91197-x
https://doi.org/10.1016/j.jcp.2016.12.041
https://doi.org/10.1016/j.spa.2012.12.001
https://doi.org/10.1016/j.spa.2011.06.003
https://doi.org/10.1002/andp.201700214
https://doi.org/10.1007/978-3-540-34514-5
https://doi.org/10.1214/13-STS421


[26] EBERLE, A. (2014). Error bounds for Metropolis–Hastings algorithms applied to perturbations of Gaussian
measures in high dimensions. Ann. Appl. Probab. 24 337–377. MR3161650 https://doi.org/10.1214/
13-AAP926

[27] FANG, Y., SANZ-SERNA, J. M. and SKEEL, R. D. (2014). Compressible generalized hybrid Monte Carlo.
J. Chem. Phys. 140 174108.

[28] FOLLAND, G. B. (1999). Real Analysis: Modern Techniques and Their Applications, 2nd ed. Pure and
Applied Mathematics (New York). Wiley, New York. MR1681462

[29] GELMAN, A., CARLIN, J. B., STERN, H. S., DUNSON, D. B., VEHTARI, A. and RUBIN, D. B. (2014).
Bayesian Data Analysis, 3rd ed. Texts in Statistical Science Series. CRC Press, Boca Raton, FL.
MR3235677

[30] GELMAN, A., LEE, D. and GUO, J. (2015). Stan: A probabilistic programming language for Bayesian
inference and optimization. J. Educ. Behav. Stat. 40 530–543.

[31] GEYER, C. J. (2003). The Metropolis–Hastings–Green algorithm.
[32] GEYER, C. J. (2011). Introduction to Markov chain Monte Carlo. In Handbook of Markov Chain Monte

Carlo. Chapman & Hall/CRC Handb. Mod. Stat. Methods 3–48. CRC Press, Boca Raton, FL.
MR2858443

[33] GIROLAMI, M. and CALDERHEAD, B. (2011). Riemann manifold Langevin and Hamiltonian Monte Carlo
methods. J. R. Stat. Soc. Ser. B. Stat. Methodol. 73 123–214. MR2814492 https://doi.org/10.1111/j.
1467-9868.2010.00765.x

[34] GLATT-HOLTZ, N., KROMETIS, J. and MONDAINI, C. (2023). A reduced order modeling approach to
Hamiltonian Monte Carlo sampling for infinite-dimensional problems. To appear.

[35] GLATT-HOLTZ, N. E. and MONDAINI, C. F. (2022). Mixing rates for Hamiltonian Monte Carlo algorithms
in finite and infinite dimensions. Stoch. Partial Differ. Equ. Anal. Comput. 10 1318–1391. MR4503169
https://doi.org/10.1007/s40072-021-00211-z

[36] GREEN, P. J. (1995). Reversible jump Markov chain Monte Carlo computation and Bayesian model deter-
mination. Biometrika 82 711–732. MR1380810 https://doi.org/10.1093/biomet/82.4.711

[37] HAIRER, E., LUBICH, C. and WANNER, G. (2006). Geometric Numerical Integration: Structure-Preserving
Algorithms for Ordinary Differential Equations, 2nd ed. Springer Series in Computational Mathemat-
ics 31. Springer, Berlin. MR2221614

[38] HAIRER, M., STUART, A. and VOSS, J. (2009). Sampling conditioned diffusions. In Trends in Stochastic
Analysis. London Mathematical Society Lecture Note Series 353 159–185. Cambridge Univ. Press,
Cambridge. MR2562154

[39] HAIRER, M., STUART, A. and VOSS, J. (2011). Signal processing problems on function space: Bayesian
formulation, stochastic PDEs and effective MCMC methods. In The Oxford Handbook of Nonlinear
Filtering 833–873. Oxford Univ. Press, Oxford. MR2884617

[40] HAIRER, M., STUART, A. M. and VOLLMER, S. J. (2014). Spectral gaps for a Metropolis–Hastings algo-
rithm in infinite dimensions. Ann. Appl. Probab. 24 2455–2490. MR3262508 https://doi.org/10.1214/
13-AAP982

[41] HAIRER, M., STUART, A. M. and VOSS, J. (2007). Analysis of SPDEs arising in path sampling. II. The
nonlinear case. Ann. Appl. Probab. 17 1657–1706. MR2358638 https://doi.org/10.1214/07-AAP441

[42] HAIRER, M., STUART, A. M., VOSS, J. and WIBERG, P. (2005). Analysis of SPDEs arising in path sam-
pling. I. The Gaussian case. Commun. Math. Sci. 3 587–603. MR2188686

[43] HASTINGS, W. K. (1970). Monte Carlo sampling methods using Markov chains and their applications.
Biometrika 57 97–109. MR3363437 https://doi.org/10.1093/biomet/57.1.97

[44] HOFFMAN, M. D. and GELMAN, A. (2014). The no-U-turn sampler: Adaptively setting path lengths in
Hamiltonian Monte Carlo. J. Mach. Learn. Res. 15 1593–1623. MR3214779

[45] JOSÉ, J. V. and SALETAN, E. J. (1998). Classical Dynamics: A Contemporary Approach. Cambridge Univ.
Press, Cambridge. MR1640663 https://doi.org/10.1017/CBO9780511803772

[46] KAIPIO, J. and SOMERSALO, E. (2005). Statistical and Computational Inverse Problems. Applied Mathe-
matical Sciences 160. Springer, New York. MR2102218

[47] LAN, S., BUI-THANH, T., CHRISTIE, M. and GIROLAMI, M. (2016). Emulation of higher-order ten-
sors in manifold Monte Carlo methods for Bayesian inverse problems. J. Comput. Phys. 308 81–101.
MR3448239 https://doi.org/10.1016/j.jcp.2015.12.032

[48] LEIMKUHLER, B. and REICH, S. (2004). Simulating Hamiltonian Dynamics. Cambridge Monographs on
Applied and Computational Mathematics 14. Cambridge Univ. Press, Cambridge. MR2132573

[49] LEVY, D., HOFFMAN, M. D. and SOHL-DICKSTEIN, J. (2017). Generalizing Hamiltonian Monte Carlo
with neural networks. Preprint. Available at arXiv:1711.09268.

[50] LI, L., HOLBROOK, A., SHAHBABA, B. and BALDI, P. (2019). Neural network gradient Hamiltonian
Monte Carlo. Comput. Statist. 34 281–299. MR3920582 https://doi.org/10.1007/s00180-018-00861-z

https://mathscinet.ams.org/mathscinet-getitem?mr=3161650
https://doi.org/10.1214/13-AAP926
https://mathscinet.ams.org/mathscinet-getitem?mr=1681462
https://mathscinet.ams.org/mathscinet-getitem?mr=3235677
https://mathscinet.ams.org/mathscinet-getitem?mr=2858443
https://mathscinet.ams.org/mathscinet-getitem?mr=2814492
https://doi.org/10.1111/j.1467-9868.2010.00765.x
https://mathscinet.ams.org/mathscinet-getitem?mr=4503169
https://doi.org/10.1007/s40072-021-00211-z
https://mathscinet.ams.org/mathscinet-getitem?mr=1380810
https://doi.org/10.1093/biomet/82.4.711
https://mathscinet.ams.org/mathscinet-getitem?mr=2221614
https://mathscinet.ams.org/mathscinet-getitem?mr=2562154
https://mathscinet.ams.org/mathscinet-getitem?mr=2884617
https://mathscinet.ams.org/mathscinet-getitem?mr=3262508
https://doi.org/10.1214/13-AAP982
https://mathscinet.ams.org/mathscinet-getitem?mr=2358638
https://doi.org/10.1214/07-AAP441
https://mathscinet.ams.org/mathscinet-getitem?mr=2188686
https://mathscinet.ams.org/mathscinet-getitem?mr=3363437
https://doi.org/10.1093/biomet/57.1.97
https://mathscinet.ams.org/mathscinet-getitem?mr=3214779
https://mathscinet.ams.org/mathscinet-getitem?mr=1640663
https://doi.org/10.1017/CBO9780511803772
https://mathscinet.ams.org/mathscinet-getitem?mr=2102218
https://mathscinet.ams.org/mathscinet-getitem?mr=3448239
https://doi.org/10.1016/j.jcp.2015.12.032
https://mathscinet.ams.org/mathscinet-getitem?mr=2132573
http://arxiv.org/abs/arXiv:1711.09268
https://mathscinet.ams.org/mathscinet-getitem?mr=3920582
https://doi.org/10.1007/s00180-018-00861-z
https://doi.org/10.1214/13-AAP926
https://doi.org/10.1111/j.1467-9868.2010.00765.x
https://doi.org/10.1214/13-AAP982


[51] LIU, J. S. (2008). Monte Carlo Strategies in Scientific Computing. Springer Series in Statistics. Springer,
New York. MR2401592

[52] LIU, J. S., LIANG, F. and WONG, W. H. (2000). The multiple-try method and local optimization
in Metropolis sampling. J. Amer. Statist. Assoc. 95 121–134. MR1803145 https://doi.org/10.2307/
2669532

[53] LU, X., PERRONE, V., HASENCLEVER, L., TEH, Y. W. and VOLLMER, S. (2017). Relativistic Monte
Carlo. In Artificial Intelligence and Statistics 1236–1245. PMLR.

[54] MARSDEN, J. E. and RATIU, T. S. (1995). Introduction to mechanics and symmetry. Phys. Today 48 65.
[55] MARTIN, J., WILCOX, L. C., BURSTEDDE, C. and GHATTAS, O. (2012). A stochastic Newton MCMC

method for large-scale statistical inverse problems with application to seismic inversion. SIAM J. Sci.
Comput. 34 A1460–A1487. MR2970260 https://doi.org/10.1137/110845598

[56] MEEDS, E. and WELLING, M. (2014). GPS-ABC: Gaussian process surrogate approximate Bayesian com-
putation. Preprint. Available at arXiv:1401.2838.

[57] METROPOLIS, N., ROSENBLUTH, A. W., ROSENBLUTH, M. N., TELLER, A. H. and TELLER, E. (1953).
Equation of state calculations by fast computing machines. J. Chem. Phys. 21 1087–1092.

[58] NAHMOD, A. R. and STAFFILANI, G. (2019). Randomness and nonlinear evolution equations. Acta Math.
Sin. (Engl. Ser.) 35 903–932. MR3952697 https://doi.org/10.1007/s10114-019-8297-5

[59] NEAL, R. M. (1993). Probabilistic Inference Using Markov Chain Monte Carlo Methods. Department of
Computer Science, Univ. Toronto, ON, Canada.

[60] NEAL, R. M. (1999). Regression and classification using Gaussian process priors. In Bayesian Statistics, 6
(Alcoceber, 1998) 475–501. Oxford Univ. Press, New York. MR1723510

[61] NEAL, R. M. (2011). MCMC using Hamiltonian dynamics. In Handbook of Markov Chain Monte Carlo.
Chapman & Hall/CRC Handb. Mod. Stat. Methods 113–162. CRC Press, Boca Raton, FL. MR2858447

[62] NEKLYUDOV, K., WELLING, M., EGOROV, E. and VETROV, D. (2020). Involutive MCMC: A unifying
framework. In International Conference on Machine Learning 7273–7282. PMLR.

[63] PETRA, N., MARTIN, J., STADLER, G. and GHATTAS, O. (2014). A computational framework for infinite-
dimensional Bayesian inverse problems, Part II: Stochastic Newton MCMC with application to ice
sheet flow inverse problems. SIAM J. Sci. Comput. 36 A1525–A1555. MR3233941 https://doi.org/10.
1137/130934805
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We study infinite horizon discounted mean field control (MFC) prob-
lems with common noise through the lens of mean field Markov decision
processes (MFMDP). We allow the agents to use actions that are randomized
not only at the individual level but also at the level of the population. This
common randomization is introduced for the purpose of exploration from a
reinforcement learning (RL) paradigm. It also allows us to establish connec-
tions between both closed-loop and open-loop policies for MFC and Markov
policies for the MFMDP. In particular, we show that there exists an optimal
closed-loop policy for the original MFC and we prove dynamic program-
ming principles for the state and state-action value functions. Building on
this framework and the notion of state-action value function, we then propose
RL methods for such problems, by adapting existing tabular and deep RL
methods to the mean-field setting. The main difficulty is the treatment of the
population state, which is an input of the policy and the value function. We
provide convergence guarantees for the tabular Q-learning algorithm based
on discretizations of the simplex. We also show that neural network based
deep RL algorithms are more suitable for continuous spaces as they allow
us to avoid discretizing the mean field state space. Numerical examples are
provided.
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While many questions in (robust) finance can be posed in the martingale
optimal transport (MOT) framework, others require to consider also nonlinear
cost functionals. Following the terminology of Gozlan, Roberto, Samson and
Tetali (J. Funct. Anal. 273 (2017) 3327–3405) for classical optimal transport,
this corresponds to weak martingale optimal transport (WMOT).

In this article we establish stability of WMOT which is important since fi-
nancial data can give only imprecise information on the underlying marginals.
As application, we deduce the stability of the superreplication bound for VIX
futures as well as the stability of the stretched Brownian motion and we derive
a monotonicity principle for WMOT.
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STABILITY OF OVERSHOOTS OF MARKOV ADDITIVE PROCESSES
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We prove precise stability results for overshoots of Markov additive pro-
cesses (MAPs) with finite modulating space. Our approach is based on the
Markovian nature of overshoots of MAPs whose mixing and ergodic proper-
ties are investigated in terms of the characteristics of the MAP. On our way we
extend fluctuation theory of MAPs, contributing among others to the under-
standing of the Wiener–Hopf factorization for MAPs by generalizing Vigon’s
équations amicales inversés known for Lévy processes. Using the Lamperti
transformation the results can be applied to self-similar Markov processes.
Among many possible applications, we study the mixing behavior of stable
processes sampled at symmetric first hitting times as a concrete example.
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[66] SANDRIĆ, N. (2017). A note on the Birkhoff ergodic theorem. Results Math. 72 715–730. MR3684455
https://doi.org/10.1007/s00025-017-0681-9

[67] SATO, K. (2013). Lévy Processes and Infinitely Divisible Distributions. Cambridge Studies in Advanced
Mathematics 68. Cambridge Univ. Press, Cambridge. MR3185174

[68] SCHÄL, M. (1970). Rates of convergence in Markov renewal processes with auxiliary paths. Z. Wahrsch.
Verw. Gebiete 16 29–38. MR0285059 https://doi.org/10.1007/BF00538765

[69] SHARPE, M. (1988). General Theory of Markov Processes. Pure and Applied Mathematics 133. Academic
Press, Boston, MA. MR0958914

[70] SHURENKOV, V. M. (1984). On Markov renewal theory. Teor. Veroyatn. Primen. 29 248–263. MR0749913
[71] STEPHENSON, R. (2018). On the exponential functional of Markov additive processes, and applications to

multi-type self-similar fragmentation processes and trees. ALEA Lat. Am. J. Probab. Math. Stat. 15
1257–1292. MR3867206 https://doi.org/10.30757/alea.v15-47

[72] STONE, C. (1966). On absolutely continuous components and renewal theory. Ann. Math. Stat. 37 271–275.
MR0196795 https://doi.org/10.1214/aoms/1177699617

[73] TEUGELS, J. L. (1967). On the Rate of Convergence in Renewal and Markov Renewal Processes. ProQuest
LLC, Ann Arbor, MI. Thesis (Ph.D.)—Purdue University. MR2616532

[74] TEUGELS, J. L. (1968). Exponential ergodicity in Markov renewal processes. J. Appl. Probab. 5 387–400.
MR0233433 https://doi.org/10.2307/3212260

[75] TWEEDIE, R. L. (1994). Topological conditions enabling use of Harris methods in discrete and continuous
time. Acta Appl. Math. 34 175–188. MR1273853 https://doi.org/10.1007/BF00994264

[76] VIGON, V. (2002). Votre Lévy rampe-t-il? J. Lond. Math. Soc. (2) 65 243–256. MR1875147
https://doi.org/10.1112/S0024610701002885
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STOCHASTIC BILLIARDS WITH MARKOVIAN REFLECTIONS IN
GENERALIZED PARABOLIC DOMAINS

BY CONRADO DA COSTAa, MIKHAIL V. MENSHIKOVb AND ANDREW R. WADEc

Department of Mathematical Sciences, Durham University, aconrado.da-costa@durham.ac.uk,
bmikhail.menshikov@durham.ac.uk, candrew.wade@durham.ac.uk

We study recurrence and transience for a particle that moves at constant
velocity in the interior of an unbounded planar domain, with random reflec-
tions at the boundary governed by a Markov kernel producing outgoing an-
gles from incoming angles. Our domains have a single unbounded direction
and sub-linear growth. We characterize recurrence in terms of the reflection
kernel and growth rate of the domain. The results are obtained by transform-
ing the stochastic billiards model to a Markov chain on a half-strip R+ × S

where S is a compact set. We develop the recurrence classification for such
processes in the near-critical regime in which drifts of the R+ component are
of generalized Lamperti type, and the S component is asymptotically Markov;
this extends earlier work that dealt with finite S.
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ALGORITHMIC OBSTRUCTIONS IN THE RANDOM NUMBER
PARTITIONING PROBLEM
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We consider the algorithmic problem of finding a near-optimal solution
for the number partitioning problem (NPP). This problem appears in many
practical applications, including the design of randomized controlled trials,
multiprocessor scheduling, and cryptography. It is also of theoretical sig-
nificance. The NPP possesses a so-called statistical-to-computational gap:
when its input X has distribution N (0, In), the optimal value of the NPP
is �(

√
n2−n) w.h.p., whereas the best-known polynomial-time algorithm

achieves an objective value of only 2−�(log2 n) w.h.p.
In this paper we initiate the study of the nature of this gap. Inspired by

insights from statistical physics, we study the landscape of the NPP and es-
tablish the presence of the overlap gap property (OGP), an intricate geomet-
rical property which is known to be a rigorous evidence of an algorithmic
hardness for large classes of algorithms. By leveraging the OGP, we establish
that: (a) any sufficiently stable algorithm, appropriately defined, fails to find a

near-optimal solution with energy below 2−ω(n log−1/5 n), and (b) a very nat-
ural Markov chain Monte Carlo dynamic fails to find near-optimal solutions.
Our simulation results suggest that the state-of-the-art algorithm achieving

the value of 2−�(log2 n) is indeed stable, but formally verifying this is left as
an open problem.

OGP regards the overlap structure of m-tuples of solutions achieving a
certain objective value. When m is constant, we prove the presence of OGP
for the objective values of order 2−�(n) and the absence of it in the regime
2−o(n). Interestingly though, by considering overlaps with growing values of
m, we prove the presence of the OGP up to the level 2−ω(

√
n logn). Our proof

of the failure of stable algorithms at values 2−ω(n log−1/5 n) employs methods
from Ramsey theory from the extremal combinatorics and is of independent
interest.
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VISCOSITY SOLUTIONS TO SECOND ORDER PATH-DEPENDENT
HAMILTON–JACOBI–BELLMAN EQUATIONS AND APPLICATIONS

BY JIANJUN ZHOUa
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In this article a notion of viscosity solutions is introduced for second-
order path-dependent Hamilton–Jacobi–Bellman (PHJB) equations associ-
ated with optimal control problems for path-dependent stochastic differential
equations. We identify the value functional of optimal control problems as
unique viscosity solution to the associated PHJB equations. We also show
that our notion of viscosity solutions is consistent with the corresponding no-
tion of classical solutions and satisfies a stability property. Applications to
backward stochastic Hamilton–Jacobi–Bellman equations are also given.
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We consider the extremal values of the stationary distribution of sparse
directed random graphs with given degree sequences and their relation to
the extremal values of the in-degree sequence. The graphs are generated by
the directed configuration model. Under the assumption of bounded (2 + η)-
moments on the in-degrees and of bounded out-degrees, we obtain tight com-
parisons between the maximum value of the stationary distribution and the
maximum in-degree. Under the further assumption that the order statistics
of the in-degrees have a power-law behavior, we show that the extremal val-
ues of the stationary distribution also have a power-law behavior with the
same index. In the same setting, we prove that these results extend to the
PageRank scores of the random digraph, thus confirming a version of the so-
called power-law hypothesis. Along the way we establish several facts about
the model, including the mixing time cutoff and the characterization of the
typical values of the stationary distribution, which were previously obtained
under the assumption of bounded in-degrees.
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We study elastic manifolds with self-repelling terms and estimate their
effective radius. This class of manifolds is modelled by a self-repelling
vector-valued Gaussian free field with Neumann boundary conditions over
the domain [−N,N ]d ∩ Z

d , that takes values in R
d . Our main result states

that in two dimensions (d = 2), the effective radius RN of the manifold is
approximately N . This verifies the conjecture of Kantor, Kardar and Nelson
(Phys. Rev. Lett. 58 (1987) 1289–1292) up to a logarithmic correction. Our re-
sults in d ≥ 3 give a similar lower bound on RN and an upper of order Nd/2.
This result implies that self-repelling elastic manifolds undergo a substantial
stretching at any dimension.
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Motivated by the challenge of incorporating data into misspecified and
multiscale dynamical models, we study a McKean–Vlasov equation that con-
tains the data stream as a common driving rough path. This setting allows us
to prove well-posedness as well as continuity with respect to the driver in an
appropriate rough-path topology. The latter property is key in our subsequent
development of a robust data assimilation methodology: We establish prop-
agation of chaos for the associated interacting particle system, which in turn
is suggestive of a numerical scheme that can be viewed as an extension of
the ensemble Kalman filter to a rough-path framework. Finally, we discuss
a data-driven method based on subsampling to construct suitable rough path
lifts and demonstrate the robustness of our scheme in a number of numerical
experiments related to parameter estimation problems in multiscale contexts.
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In this paper, we consider the singular values and singular vectors of low
rank perturbations of large rectangular random matrices, in the regime the
matrix is “long”: we allow the number of rows (columns) to grow polynomi-
ally in the number of columns (rows). We prove there exists a critical signal-
to-noise ratio (depending on the dimensions of the matrix), and the extreme
singular values and singular vectors exhibit a BBP-type phase transition. As a
main application, we investigate the tensor unfolding algorithm for the asym-
metric rank-one spiked tensor model, and obtain an exact threshold, which is
independent of the procedure of tensor unfolding. If the signal-to-noise ratio
is above the threshold, tensor unfolding detects the signals; otherwise, it fails
to capture the signals.
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APPROXIMATE VISCOSITY SOLUTIONS OF PATH-DEPENDENT PDES AND
DUPIRE’S VERTICAL DIFFERENTIABILITY
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We introduce a notion of approximate viscosity solutions for a class of
nonlinear path-dependent PDEs (PPDEs), including the Hamilton–Jacobi–
Bellman-type equations. Existence, comparaison and stability results have
been established under fairly general conditions. It is also consistent with
the notion of smooth solution when the dimension is less or equal to two, or
the nonlinearity is concave in the second order space derivative. We finally
investigate the regularity (in the sense of Dupire) of the solution to the PPDE.
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ERRATUM: DIFFUSION MODELS AND STEADY-STATE APPROXIMATIONS
FOR EXPONENTIALLY ERGODIC MARKOVIAN QUEUES

BY ITAI GURVICHa

Kellogg School of Management, Northwestern University
ai-gurvich@kellogg.northwestern.edu

This is a correction to (Ann. Appl. Probab. 24 (2014) 2527–2559). The
corrected result is that the gap between the steady-state moments of the dif-
fusion and those of the properly centered and scaled CTMCs shrinks at a rate

of n
1
2 −ε for any ε > 0.
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coupled differential equations with elliptic correlations . . . . . . . . . . . . . . . . . 3098–3144

KÜLSKE, CHRISTOF AND HENNING, FLORIAN. Existence of gradient Gibbs
measures on regular trees which are not translation invariant . . . . . . . . . . . . 3010–3038

KYPRIANOU, ANDREAS, ROGERS, TIM AND JOHNSTON, SAMUEL G. G.
Multitype �-coalescents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4210–4237

LACKER, DANIEL AND LE FLEM, LUC. Closed-loop convergence for mean
field games with common noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2681–2733

LACKER, DANIEL, RAMANAN, KAVITA AND WU, RUOYU. Local weak con-
vergence for sparse networks of interacting processes . . . . . . . . . . . . . . . . . . . 843–888

LAM, WAI-KIT, DAMRON, MICHAEL AND HANSON, JACK. Universality of
the time constant for 2D critical first-passage percolation . . . . . . . . . . . . . . . 1701–1731

LAMBERT, AMAURY AND JOHNSTON, SAMUEL G. G. The coalescent struc-
ture of uniform and Poisson samples from multitype branching processes 4820–4857

LAMBERT, GAULTIER AND PAQUETTE, ELLIOT. Strong approximation of
Gaussian β ensemble characteristic polynomials: The hyperbolic regime . 549–612



LANDIM, CLAUDIO AND JARA, MILTON. The stochastic heat equation as the
limit of a stirring dynamics perturbed by a voter model . . . . . . . . . . . . . . . . . 4163–4209

LANDIM, CLAUDIO, PACHECO, CARLOS G., SETHURAMAN, SUNDER AND

XUE, JIANFEI. On a nonlinear SPDE derived from a hydrodynamic limit
in a Sinai-type random environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200–237

LAST, GÜNTER AND OTTO, MORITZ. Disagreement coupling of Gibbs pro-
cesses with an application to Poisson approximation . . . . . . . . . . . . . . . . . . . . 4091–4126

LAURIÈRE, MATHIEU, TAN, ZONGJUN AND CARMONA, RENÉ. Model-free
mean-field reinforcement learning: Mean-field MDP and mean-field Q-
learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5334–5381

LÊ, KHOA, DAREIOTIS, KONSTANTINOS AND GERENCSÉR, MÁTÉ. Quanti-
fying a convergence theorem of Gyöngy and Krylov . . . . . . . . . . . . . . . . . . . . 2291–2323

LE FLEM, LUC AND LACKER, DANIEL. Closed-loop convergence for mean
field games with common noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2681–2733

LEDER, KEVIN, STOREY, KATHLEEN, FOO, JASMINE AND GUNNARSSON,
EINAR BJARKI. Spread of premalignant mutant clones and cancer initia-
tion in multilayered tissue . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 299–343

LEHEC, JOSEPH. The Langevin Monte Carlo algorithm in the non-smooth log-
concave case . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4858–4874

LEHMANN, TOBIAS. Darwinian evolution as Brownian motion on the simplex:
A geometric perspective on stochastic replicator dynamics . . . . . . . . . . . . . . 344–375

LEHMKUEHLER, MATTHIS. The trunks of CLE(4) explorations. . . . . . . . . . . . . 3387–3417
LEIMKUHLER, BENEDICT, SHARMA, AKASH AND TRETYAKOV, MICHAEL V.

Simplest random walk for approximating Robin boundary value problems
and ergodic limits of reflected diffusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1904–1960

LEJAY, ANTOINE, VILLEMONAIS, DENIS AND ANAGNOSTAKIS, ALEXIS.
General diffusion processes as limit of time-space Markov chains . . . . . . . . 3620–3651

LI, JUAN, MA, JIN AND BUCKDAHN, RAINER. A general conditional
McKean–Vlasov stochastic differential equation . . . . . . . . . . . . . . . . . . . . . . . 2004–2023

LI, YITING. Rigidity of eigenvalues for β ensemble in multi-cut regime . . . . . 5111–5144
LIGGETT, THOMAS M. AND TANG, WENPIN. One-dependent colorings of the

star graph . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4341–4365
LIU, CHONG, OBERHAUSER, HARALD AND BONNIER, PATRIC. Adapted

topologies and higher rank signatures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2136–2175
LIU, QUANSHENG, PIN, ERWAN AND GRAMA, ION. A Kesten–Stigum type

theorem for a supercritical multitype branching process in a random envi-
ronment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1213–1251

LIU, SONG-HAO AND ZHANG, ZHUO-SONG. Cramér-type moderate devia-
tions under local dependence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4747–4797

LIU, YATING AND PAGÈS, GILLES. Functional convex order for the scaled
McKean–Vlasov processes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4491–4527

LÖCHERBACH, EVA, LOUKIANOVA, DASHA AND ERNY, XAVIER. Strong er-
ror bounds for the convergence to its mean field limit for systems of inter-
acting neurons in a diffusive scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3563–3586

LOEPER, GRÉGOIRE, TAN, XIAOLU AND BOUCHARD, BRUNO. Approxi-
mate viscosity solutions of path-dependent PDEs and Dupire’s vertical dif-
ferentiability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5781–5809



LOUKIANOVA, DASHA, ERNY, XAVIER AND LÖCHERBACH, EVA. Strong er-
ror bounds for the convergence to its mean field limit for systems of inter-
acting neurons in a diffusive scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3563–3586

LUBETZKY, EYAL, ZEITOUNI, OFER AND KIM, YUJIN H. The maximum of
branching Brownian motion in R

d . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1515–1568
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stochastic differential equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3418–3448

MANDJES, MICHEL, BRAUNSTEINS, PETER AND DEN HOLLANDER, FRANK.
A sample-path large deviation principle for dynamic Erdős–Rényi random
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RENFREW, DAVID, ERDŐS, LÁSZLÓ AND KRÜGER, TORBEN. Randomly
coupled differential equations with elliptic correlations . . . . . . . . . . . . . . . . . 3098–3144

RIEDEL, SEBASTIAN, SCHOENMAKERS, JOHN, BAYER, CHRISTIAN AND

HAGER, PAUL P. Optimal stopping with signatures . . . . . . . . . . . . . . . . . . . 238–273
RIGGER, STEFAN, SVALUTO-FERRO, SARA AND CUCHIERO, CHRISTA.

Propagation of minimality in the supercooled Stefan problem . . . . . . . . . . . 1588–1618
ROBERTS, ALEXANDER, SCOTT, ALEX AND PRZYKUCKI, MICHAŁ. Park-

ing on the integers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1076–1101
ROBERTS, G. O. AND VASDEKIS, G. Speed up Zig-Zag . . . . . . . . . . . . . . . . . . . 4693–4746
ROGERS, TIM, JOHNSTON, SAMUEL G. G. AND KYPRIANOU, ANDREAS.

Multitype �-coalescents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4210–4237
ROGHANI, MOHAMMAD, SABERI, AMIN, ALIMOHAMMADI, YEGANEH AND

DIACONIS, PERSI. Sequential importance sampling for estimating ex-
pectations over the space of perfect matchings . . . . . . . . . . . . . . . . . . . . . . . . . 999–1033

RÖLLIN, ADRIAN AND ZHANG, ZHUO-SONG. Dense multigraphon-valued
stochastic processes and edge-changing dynamics in the configuration
model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3207–3239

ROSATI, TOMMASO CORNELIS AND KLIMEK, ALEKSANDER. The spatial
�-Fleming–Viot process in a random environment . . . . . . . . . . . . . . . . . . . . . 2426–2492

ROSENTHAL, JEFFREY S. AND YANG, JUN. Complexity results for MCMC
derived from quantitative bounds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1459–1500

ROSENZWEIG, MATTHEW AND SERFATY, SYLVIA. Global-in-time mean-
field convergence for singular Riesz-type diffusive flows . . . . . . . . . . . . . . . . 954–998

ROSESTOLATO, MAURO, COSSO, ANDREA, GOZZI, FAUSTO, KHARROUBI,
IDRIS AND PHAM, HUYÊN. Optimal control of path-dependent
McKean–Vlasov SDEs in infinite-dimension. . . . . . . . . . . . . . . . . . . . . . . . . . . 2863–2918

ROSS, NATHAN, ZHENG, GUANGQU AND BARBOUR, A. D. Stein’s method,
Gaussian processes and Palm measures, with applications to queueing. . . . 3835–3871



ROUSSELLE, ARNAUD, CHENAVIER, NICOLAS AND COUPIER, DAVID. The
bi-dimensional Directed IDLA forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2247–2290

SÁ, MARCOS, SANCHIS, REMY, TEIXEIRA, AUGUSTO AND HILÁRIO,
MARCELO R. Phase transition for percolation on a randomly stretched
square lattice . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3145–3168

SABERI, AMIN, ALIMOHAMMADI, YEGANEH, DIACONIS, PERSI AND

ROGHANI, MOHAMMAD. Sequential importance sampling for estimat-
ing expectations over the space of perfect matchings . . . . . . . . . . . . . . . . . . . . 999–1033

SAGLIETTI, SANTIAGO, BAZAES, RODRIGO, MUKHERJEE, CHIRANJIB AND

RAMÍREZ, ALEJANDRO F. Quenched and averaged large deviations for
random walks in random environments: The impact of disorder . . . . . . . . . . 2210–2246

SAINT DIZIER, ALEXANDRE, DELON, JULIE AND GOZLAN, NATHAEL.
Generalized Wasserstein barycenters between probability measures living
on different subspaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4395–4423

SALEZ, JUSTIN AND HERMON, JONATHAN. Modified log-Sobolev inequali-
ties for strong-Rayleigh measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1501–1514

SANCHIS, REMY, TEIXEIRA, AUGUSTO, HILÁRIO, MARCELO R. AND SÁ,
MARCOS. Phase transition for percolation on a randomly stretched
square lattice . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3145–3168

SAU, FEDERICO AND QUATTROPANI, MATTEO. Mixing of the averaging pro-
cess and its discrete dual on finite-dimensional geometries . . . . . . . . . . . . . . 1136–1171

SCHMID, DOMINIK, GANTERT, NINA AND NESTORIDI, EVITA. Mixing
times for the simple exclusion process with open boundaries . . . . . . . . . . . . 1172–1212
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