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Abstract

Sampling from log-concave distributions is a well researched problem that has
many applications in statistics and machine learning. We study the distributions
of the form p* oc exp(—f(x)), where f : R? — R has an L-Lipschitz gradi-
ent and is m-strongly convex. In our paper, we propose a Markov chain Monte
Carlo (MCMC) algorithm based on the underdamped Langevin diffusion (ULD).
It can achieve e - D error (in 2-Wasserstein distance) in O (/@7/ 6/el/3 4 e/ 3)

def . L def [, .
steps, where D =/ % is the effective diameter of the problem and x = % is

the condition number. Our algorithm performs significantly faster than the previ-
ously best known algorithm for solving this problem, which requires O (/{1'5 / e)
steps [7, 15]. Moreover, our algorithm can be easily parallelized to require only
O(rlog 1) parallel steps.

To solve the sampling problem, we propose a new framework to discretize stochas-
tic differential equations. We apply this framework to discretize and simulate
ULD, which converges to the target distribution p*. The framework can be used
to solve not only the log-concave sampling problem, but any problem that involves
simulating (stochastic) differential equations.

1 Introduction

In this paper, we study the problem of sampling from a high-dimensional log-concave distribution.
This problem is central in statistics, machine learning and theoretical computer science, with appli-
cations such as Bayesian estimation [1], volume computation [55] and bandit optimization [54]. In
a seminal 1989 result, Dyer, Frieze and Kannan [23] first presented a polynomial-time algorithm
(for an equivalent problem) that takes O(d23 log %) steps on any d dimensional log-concave distri-
bution to achieve target accuracy e. After three decades of research in Markov chain Monte Carlo
(MCMC) and convex geometry [34, 2, 22, 35, 27, 37, 11, 30, 31, 43], results have been improved
to O(d4 log %) steps for general log-concave distributions and slightly better for distributions given
in a certain form. Unfortunately, d log % steps are necessary even for a special case of log-concave
sampling, i.e., convex optimization [3]. To avoid this lower bound, there has been a recent surge of
interest in obtaining a faster algorithm via assuming some properties on the distribution.

We call a distribution log-concave if its density is proportional to e ~7(*) with a convex function f.
For the standard assumption that f is m-strongly convex with an L-Lipschitz gradient (see Section
3.1), the current best algorithms have at least a linear d or 1/¢ dependence or a large dependence on

the condition number # % In this paper, we present an algorithm with no dependence on d and
a much smaller dependence on x and e than shown in previous research. Moreover, our algorithm
is the first algorithm with better than 1/¢ dependence that is not Metropolis-adjusted and does not
make any extra assumption, such as high-order smoothness [41, 42, 6, 45].
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To explain our main result, we note that this problem has an effective diameter D = ,/%

because the distance between the minimizer z* of f and a random point y ~ e~/ satisfies

Eyoe-rllz* —y 12 < %[19]. Therefore, a natural problem definition! is to find a random z that
makes the Wasserstein distance small:

Wa(z,y) < - D. (1)
This choice of distance is also common in previous papers [19, 20, 10, 41, 29, 42, 6].

For € = 1, we can simply output the minimizer x* of f as the “random” point. We first consider the
question how quickly we can find a random point satisfying € = % For convex optimization under
the same assumption, it takes +/k iterations via acceleration methods or d iterations via cutting plane
methods, and these results are tight. For sampling, the current fastest algorithms take either 0(51'5)
steps [7, 15] or O(d4) steps [36]. Although there is no rigorous lower bound for this problem, it
is believed that min(x, d?) is the natural barrier.” This paper presents an algorithm that takes only
O(K"/%) steps, much closer to the natural barrier of  for the high-dimensional regime.

For general 0 < € < 1, our algorithm takes O(x7/6 /e/3 4 ; /€2/3) steps, which is almost linear in
and sub-linear in € . It has significantly better dependence on both x and e than previous algorithms.
(See the detailed comparison in Table 1.) Moreover, if we query gradient V f at multiple points in
parallel in each step, we can improve the number to O(x log %) steps.

1.1 Contributions

We propose a new framework to discretize stochastic differential equations (SDEs), which is a cru-
cial step of log-sampling algorithms. Since our techniques can also be applied to ordinary differen-
tial equations (ODEs), we focus on the following ODE here:

dx
i F(z(t)).

There are two main frameworks to discretize a differential equation. One is the Taylor expansion,

which approximates z(t) by x(0) + 2’ (0)t + 2" (0) % + -+ -. Our paper uses the second framework,
called the collocation method. This method uses the fact that the differential equation is equivalent
to the integral equation © = 7 (x), where 7 maps continuous functions to continuous functions:

T(2)(t) = 2(0) + /0 " F(a(s)) ds forall £ > 0.

Since z is a fixed point of 7, we can approximate = by computing 7 (7 (- - - (T (xq)) - - - )) for some
approximate initial function xy. Algorithmically, two key questions are how to: (1) show when and
how quickly 7 iterations converge, and (2) compute the integration. The convergence rate of 7 was
shown by the Picard—Lindelsf Theorem in the 1890s [32, 48] and was key to achieving O(x'7%)
and O (k') in the previous papers [29, 7]. To approximate the integration, one standard approach
is to approximate

/O Fla(s)ds ~ 3" wiF(a(s.)

'Previous papers addressing this problem defined € as W (z, e=f ) < e. This definition is not scale invariant,
i.e., the number of steps changes when we scale f. In comparison, our definition yields results that are invariant
under: (1) the scaling of f, namely, replacing f(x) by af(z) for « > 0, and (2) the tensor power of f,
namely, replacing f(z) by g(z) def >, f(xs). Our new definition of € also clarifies definitions in previous

research. Under the prior definition of €, the algorithms [19, 10, 7] take O(x?(4/ 4 /€)?), O(k?y/ 4 /e), and

é(/ﬁl'5 \/g /€) steps, respectively. Our new definition shows that these different dependences on d and m all
relate to their dependence on €.

The corresponding optimization problem takes at least min(+/x, d) steps [3]. If we represent each point
the optimization algorithm visited by a vertex and each step the algorithm takes by an edge, then the existing
lower bound in fact shows that this graph has a diameter of at least min(y/k, d). Since a random walk on a
graph of diameter D takes D? to mix, a random walk on the graph takes at least min(y/k, d)? steps.



# Step

Algorithm Warm Start [ Cold Start
Hit-and-Run[36] O (d®log(1)) \ O (d'log(1))
Langevin Diffusion[19, 13] 0] (/<;2/62)
Underdamped Langevin =
Diffusion [10] O (v*/e)
Underdamped Langevin ~
Diffusion2 O (k'? /e + K?)
(15]
High-Order Langevin N (,.19/4 7,.1/2 13/3 /.2/3
Diffusion[45] O (w1972 + 512 [27)
Metropolis-Adjusted Langevin ~ (( 1.5 ) 1 ) 2 1.5 71.5 1
Algorithm([21] O ((rd+ k'>Vd) log(2) ((/sd + £15d %) log(1))

Hamiltonian Monte Carlo with
Euler Method [41]
Hamiltonian Monte Carlo with
Collocation Method [29]
Hamiltonian Monte Carlo with
Collocation Method 2 [7]
Underdamped Langevin
Diffusion with Randomized
Midpoint Method (This Paper)
Table 1: Summary of iteration complexity. Except for Hit-and-Run, each step involves O(1)-
gradient computation. Hit-and-Run takes O(l) function value computations in each step. [15, 45]
assume the hessian of f is Lipschitz, which is stronger than our assumption.

( 65/6)
( 175 /¢)
O(Kzl's’/e)

o} (KJ?/G/El/B + /42/62/3)

for some carefully chosen w; and s;. The key drawback of this approach is its introduction of a
deterministic error, which accumulates linearly to the number of steps. Since we expect to take at
least k-many iterations, the approximation error must be « times smaller than the target accuracy.

In this paper, we improve upon the collocation method for sampling by developing a new algorithm,
called the randomized midpoint method, that yields three distinct benefits:

1. We generalize fixed point iteration to stochastic differential equations and hence avoid the
cost of reducing SDEs to ODEs, as was done in [29].

2. We greatly reduce the error accumulation by simply approximating fot F(xz(s))ds by t -

F(z(s)) where s is randomly chosen from 0 to ¢ uniformly.

3. We show that two iterations of 7 suffice to achieve the best theoretical guarantee.

Although we discuss only strongly convex functions with a Lipschitz gradient, we believe our frame-
work can be applied to other classes of functions, as well. By designing suitable unbiased estimators
of integrals, researchers can easily use our approach to obtain faster algorithms for solving SDEs
that are unrelated to sampling problems.

1.2 Paper Organization

Section 2 provides background information on solving the log-concave sampling problem, while
Section 3 introduces our notations and assumptions about the function f. We introduce our algo-
rithm in Section 4, where we present the main result of our paper. We show our proofs in appen-
dices: Appendix A—how we simulate the Brownian motion; Appendix B—important properties of
ULD and the Brownian motion; Appendix C— bounds for the discretization error of our algorithm;
Appendix D—a bound on the average value of ||V f(z,,)|| and ||v,|| in our algorithm, which is useful
for bounding the discretization error; Appendix E—proofs for the main result of our paper; Appendix
F-additional proofs on how to parallelize our algorithm.



2 Background

Many different algorithms have been proposed to solve the log-concave sampling problem. The gen-
eral approach uses a MCMC-based algorithm that often includes two steps. The first step involves
the choice of a Markov process with a stationary distribution equal or close to the target distribu-
tion. The second step is discretizing the process and simulating it until the distribution of the points
generated is sufficiently close to the target distribution.

2.1 Choosing the Markov Process

One commonly used Markov process is the Langevin diffusion (LD) [52, 25, 18]. LD evolves
according to the SDE

dz(t) = —Vf(z(t)dt+V2dB,, 2)

where B is the standard Brownian motion. Under the assumption that f is L-smooth and m-strongly
convex (see Section 3.1) with k = % as the condition number, [19, 13, 8] show that algorithms based

on LD can achieve less than e error in O (’:—22) steps. Other related works include LD with stochastic
gradient [14, 57, 50, 6] and LD in the non-convex setting [50, 9].

One important breakthrough introduced the Hamiltonian Monte Carlo (HMC), originally proposed
in [28]. In this process, SDE (2) is approximated by a piece-wise curve, where each piece is governed
by an ODE called the Hamiltonian dynamics. The Hamiltonian dynamics maintains a velocity v in
addition to a position z and conserves the value of the Hamiltonian H (z,v) = f(z)+3 |v]|*. HMC
has been widely studied in [46, 40, 41, 42, 29, 7, 31]. The works [7, 15] show that algorithms based

. . ~ 1.5
on HMC can achieve less than € error in O ( %) steps.

The underdamped Langevin diffusion (ULD) can be viewed as a version of HMC that replaces
multiple ODEs with one SDE; it has been studied in [10, 24, 15]. ULD follows the SDE:

do(t) = —2v(t) dt — uV f(x(t)) dt + 2y/udB;, dz(t) = v(t) dt, 3)

where u = % [10] shows that even a basic discretization of ULD has a fast convergence rate that

. . g 2 . .
can achieve less than € error in O (%) steps. Recently, it was shown that ULD can be viewed as

an accelerated gradient descent for sampling [39]. This suggests that ULD might be one of the right
dynamic for sampling in the same way as the accelerated gradient descent method is appropriate for
convex optimization. For this reason, our paper focuses on how to discretize ULD. We note that our
framework can be applied to both LD and HMC to improve on previous results for these dynamics
as well.

2.2 Discretizing the Process

To simulate the random process mentioned, previous works usually apply the Euler method [10, 19]
or the Leapfrog method [41, 42] to discretize the SDEs or the ODEs. In Section 4.2, we introduce a
2-step fixed point iteration method to solve general differential equations. We apply this method to
ULD and significantly reduce the discretization error compared to existing methods. In particular,
ULD can achieve less than ¢ error in O ( :177//? + 62%) steps. Table 1 summarizes the number of
steps needed by previous algorithms versus our algorithm. Moreover, with slightly more effort, our
algorithm can be parallelized so that it needs only O (k log 1) parallel steps.

On top of the discretization method, one can use a Metropolis-Hastings accept-reject step to ensure
that the post-discretization random process results in a stationary distribution equal to the target
distribution [4, 35, 53, 44, 33, 36, 38]. [36] gives the current best algorithm for arbitrary log-concave
distribution. Originally proposed in [52, 53], the Metropolis Adjusted Langevin Algorithm (MALA)
[51, 26, 49, 5, 56, 47] applies the Metropolis-Hastings accept-reject step to the Langevin diffusion.

[21] shows MALA can achieve e error in total variation distance in O ((md + /@1'5\/3) log (%))

steps for S-warm start. Unlike other algorithms that have a 60% dependence on ¢, MALA depends
logarithmically on e. However, 3 usually depends exponentially on the dimension d, which results



in a Q(d"®) dependence in total. Since this paper focuses on achieving a dimension independent
result, we do not discuss how to combine our process with a Metropolis-Hastings step in this paper.

Finally, we note that all results—including ours—can be improved if we assume that f has bounded
higher-order derivatives. To ensure a fair comparison in Table 1, we only include results that only
assume f is strongly convex and has a Lipschitz gradient.

3 Notations and Definitions

For any function f, we use O(f) to denote the class O (f) - log® ™ (f). For vector v € R?, we use
||v]| to denote the Euclidean norm of v.

3.1 Assumptions on f

We assume that the function f is a twice continuously differentiable function from R¢ to R that has
an L-Lipschitz continuous gradient and is m-strongly convex. That is, there exist positive constants
L and m such that for all z,y € R4,

IV £(2) = VF@)I < Llle =yl and f) 2 f(@) + (T f(@)y =2+ 2 o =yl

It is easy to show that these inequalities are equivalent to ml; =< V2f (x) = LIy, where I is the
identity matrix of dimension d. Let k = % be the condition number. We assume that we have access
to an oracle that, given a point x € R?, can return the gradient of f at point z, V f(x).

3.2 Wasserstein Distance

The pth Wasserstein distance between two probability measures p and v is defined as

1/p
W _ inf  E[|X —Y]|"
pur) = (it EIX YY)

where C (u, V) is the set of all couplings of  and v. In this paper, for any 0 < ¢ < 1, we study the
number of steps needed so that the W, distance between the distribution of the point our algorithms
generate and the target distribution is smaller than € - D.

4 Algorithms and Results

4.1 Underdamped Langevin Diffusion (ULD)
ULD is a random process that evolves according to (3). Our paper studies (3) with u = 7.
Under mild conditions, it can be shown that the stationary distribution of (3) is proportional to

exp (—f(x) + L |v|? /2) . Then, the marginal distribution of x is proportional to exp (— f(z)) . It

can also be shown that the solution to (3) has a contraction property [10, 24], shown in the following
lemma.

Lemma 1 (Theorem 5 of [10]). Let (g, vo) and (yo,wo) be two arbitrary points in R? x R%. Let
(z¢,v¢) and (yg, wy) be the exact solutions of the underdamped Langevin diffusion after time t. If
(¢, ve) and (yi, wy) are coupled through a shared Brownian motion, then,

E [l — well> + 1l e + v0) = (0 + w)l’] < e B llzo = oll” + ll(zo + v0) — (o + wo) 7]

This contraction bound can be very useful for showing the convergence of the continuous process
(3). In our algorithm, we discretize the continuous process to implement it; therefore we need to
use this contraction bound together with a discretization error bound to show the guarantee of our
algorithm. In Section 4.2, we show how we discretize (3).



Algorithm 1 Randomized Midpoint Method for ULD

1: Procedure RandomMidpoint(xg, vg, N, h)
2: Forn=0,..,.N —1
3:  Randomly sample « uniformly from [0, 1].

4:  Generate Gaussian random variable (Wl(n), wim, Wén)) € R3? as in Appendix A
50 Tppi =t $(1—e?M) v, — fu(ah— $(1 — e 2M)) Vf(z,) + \/EWl(n)
6 Tppr=an+ 3 (1—e ) v, — Juh (1 — e 2h=ah) V(1) + ﬁWQn).

70 Upyr = vpe 2t — uhefQ(h*ah)Vf(xn_s_%) + 2\/ﬂW3(n).
8:

9:

end for
end procedure

4.2 Randomized Midpoint Method

Our step size for each iteration is h. In iteration n of our algorithm, to simulate (3), we need to
approximate the solution to SDE (3) at time h, (z(h), v} (h)), with initial value, (z,,,v,). The
simplest way to do so is to use the Euler method:

vp(h) = (1 — 2h)v, —uhV f(zy) +2Vuhl, x,(h) =2, + ho,,
where ¢ € R? is drawn from the standard normal distribution. This discretization was considered in
[20, 13] due to its simplicity.
As discussed in Section 1.1, we improve the accuracy by studying the integral formulation of (3):

_ o2t t ¢
xh(t) = @, + 176% _ / (1 - e_z(t_s)) Vi(z;(s))ds+ \/ﬂ/ (1 = 6_2(t_5)) dB;,
2 0 0

t t
vi(t) = vpe 2 —u (/ e 2=V (25 (s)) ds) + 2\/6/ e 2= 4B,. 4)
0 0

[10] considered the same integral formulation and used V f(x,) to approximate V f(z(t)) for
t € [0, h] to get the following algorithm:

1—e 2k u [" 9 h
Py — - ¢ _ —2(h—s) _ —2(h—s)
ZTn(h) =z, + 5 U /0 (1 e ) Vf(x,)ds+ \/ﬁ/o <1 e ) dB,

h h
On(h) = ve 2 —u (/ e_Q(h'_s)Vf(J:n) ds) + Qﬂ/ e 2(h=%) qB,.
0

0

However, this approximation method can still generate a relatively large error. Our paper proposes
a new method, the randomized midpoint method, to solve (4), which yields a more accurate approx-
imation and significantly reduces the total runtime of the algorithm.

We first need to identify an accurate estimator of the integral foh (1— e 2h=9) Vf(zi(s))ds.
To do so, we sample a random number « uniformly from [0,1] so that ah gives a random
point from [0,4]. Then, h (1 — e=2(h=2M)) ¥ f(2% (ah)) is an accurate estimator of the integral

foh (1 — e=2("=9)) V f(a7 (s)) ds. We can further show that this estimator is unbiased.

For brevity, we use z,,, 1 to denote our approximation of z7, (ah). To approximate 7, (ah), we use
equation (4) again:

1— 672o¢h

ah ah
Tpyl = xn—l—#vn—g /0 (1 - 672(0&178)) Vf(mn)ds—&—\/ﬂ/o (1 - 672(0"“5))st.

Then, (x (h), v} (h)) can be approximated as

v = ot (1= €200 T p(a, ) + Va /0 ' (1-e29) an,,

1—e2h
2

Tn+l = Tp +



h
Vpy1 = vpe 2 — uhe_Q(h’_ah’)Vf(anr%) + 2\/ﬁ/ e~ 2(h=5) qB,.
0

Note that we can view (4) as the fixed point of the operator T, «¥, = T (z;), where for all ¢,

T(z)(t) =z, + 1_Te_2tvn _ ;L/Ot (1 _ e—2(t—s)) Vf(z(s))ds+ \/E/Ot (1 — e—Q(t—S)) dis'
)

Then, our randomized algorithm is essentially approximating 7 (7 (x,)). Under the assumption f
is twice differentiable, we show that two iterations suffice to achieve the best theoretical guarantee,
but we suspect more iterations might be useful if f has higher order derivatives. As emphasized in
Section 1.1, the way we obtain our algorithm forms a general framework that can be applied to other
SDEs.

ah

In Lemma 5, we show that the stochastic terms Wy = [ (1— e 2@h=)dB,, W, =

foh (1—e2("=9)) dB,, and W3 = foh e—2(h=3) 4 B, conditional on the choice of « follow a multi-
dimensional Gaussian distribution and therefore can be easily sampled. The steps mentioned above
are summarized in Algorithm 1. Using this randomized midpoint method, we can solve (4) much
more accurately than previous works. We show that the discretization error satisfies:

Lemma 2. For each iteration n of Algorithm 1, let E,, be the expectation taken over the random
choice of « in iteration n. Let E be the expectation taken over other randomness in iteration n.
Let (27,(t), v;,(t)) (0,1 be the solution of the exact underdamped Langevin diffusion starting from

(zn, vp) coupled through a shared Brownian motion with x,, 1) Un and x,41. Assume that h < 2%

and u = % Then, x,41 and vy, of Algorithm 1 satisfy

E[Eaznir —sh (M7 < O (B onl® + u2h2 ||V flwn)|]* + udhT),
Ellzn — a0 < O (A oull® + u2h* |V F (@a)|* +udn”)

EEavnit —va(0)I < O (B Jonll* + w?h'® |V fwa)|* + udh®)
Ellonss —va()I* < O (B flonl® + w2h? [V f(@a)|* +udh?)

In Appendix D, we show that the average value of ||v, || is of order O (4); that of ||V f(z) 1% is of

order O (Ld). Then, Lemma 2 shows that the bias of the discretization is of order O (h4 ﬁ) and

the standard deviation is of order O h2\/% , which implies the error is larger when h is larger.

However, by Lemma 1, in order for the algorithm to converge in a small number of steps, we need
to avoid choosing an h that is too small. Therefore, it is important to choose the largest possible
h that can still make the algorithm converge. By Lemma 1, it is sufficient to run our algorithm

for O (#) iterations. Then, the bias will cumulate to 0) <h4\/g . Z) =0 <h3\ / ‘f:), and the

standard deviation will cumulate to O <h2\/§ . \/f) =0 <h1'5\ / i) Thus, in order to make

the W5 distance less than o) €4/ % , we show in Theorem 3 that it is enough to choose h to be

. 1/3
O (min (21/6 ,e2/3

)) This choice of & yields the main result of our paper, which is stated in
Theorem 3. (See Appendix E for the full proof.)

Theorem 3 (Main Result). Let f be a function such that 0 < m - I; < V2f(x) < L - I, for all
x € RY LetY be a random point drawn from the density proportional to e~ . Let the starting

point xg be the point that minimizes f(x) and vo = 0. For any 0 < € < 1, if we set the step size
61 3

of Algorithm 1 as h = C'min (nl//5 log_l/6 (%) ,e2/3 log_l/3 (%)), for some small constant C

KT/6

and run the algorithm for N = 27” log (E—S) <0 (m + 8%) iterations, then Algorithm 1 after



Algorithm 2 Randomized Midpoint Method for ULD (Parallel)
1: Procedure RandomMidpoint_P(z, vg, N, h, R)
2: Forn=0,..,.N —1
3:  Randomly sample a1, ..., @ uniformly from [0, %} , [%, } [%, 1].

2
R
Generate Gaussian r.v. (Wl(ﬁ), . ij}%, WQ(n), WPE")) e RUEH+2)d gimilar to Appendix A

x%o’i) =z, fori=1,...,R.
Fork=1,..K—-1,:=1,...,.R

mglkz) -, + % (1 72a-h)

B ([ (- e et s V)] 4+ v

9: end for R (K10 (n)
10 Zppr=an+ 5 (1—e )0, — Jud;t, 6 (1 — e 2(hmah)) Vf(ah )+ VuW,
11: Vpyg =vpe 2P —u 2?:1 56’2(h’aih)Vf(x$LK_l’l)) + ZfW:)Sn).

12: end for

13: end procedure

® R kK

N iterations can generate a random point X such that Wa(X,Y) < €4/ %. Furthermore, each
iteration of Algorithm 1 involves computing V f exactly twice.

4.3 A More General Algorithm

Now we show how our algorithm can be parallelized. The algorithm studied in this section can be
viewed as a more general version of Algorithm 1. Instead of choosing one random point from [0, 4],
we divide the time interval [0, h] into R pieces, each of length § = ﬁ, and choose one random point
from each piece. That is, we randomly choose a1, as, ..., ag uniformly from [0, %], [%, 2], ...

[£-1,1]. As in Algorithm 1, to approximate (z};(h), v};(h)), we use

To + il = z 6 (1= e 2mm) V(@ (k) + vV / ' (1-e20=)) aB,,

&
Il

>4
Il
S

h
—2h u25672(h7aih)vlf(£l}*(aih)) + 2\/&/ 672(hfs) dB,,
i=1 0

which gives an unbiased estimator of (z}(h), v} (h)). The next step is to approximate z; (c;h) for

i = 1,.., R. We know that the solution z; is the fixed point of the operator 7 defined in (5). To
solve the fixed point of T, we can use the fixed point iteration method, which applies the operator
T multiple times on some initial point. By the Banach fixed point theorem, the resulting points can
converge to the fixed point of 7. Instead of applying 7, which involves computing an integral, we
apply the operator T , which approximates 7, on X = (1:(1), e x(R)) ,

7— X). — 1 1 —2a;h 1 : min(jo,csh) 1 —2(ajh—s) ds -V )
( )i_xn+§( —e )U"_§uz s ( —e ) s-Vf(x)
j J=

+ \f/ (aih— s‘)) dBS.
We set the initial points to x% 9 = z, for j = 1,..., R. Then, we apply T for K times and get
(xR = 7oK (500 2(0.R)) The preceding steps are summarized in Algorithm
2. It is easy to see Algorithm 1 is a special case of Algorithm 2 with R = 1 and K = 2.

This algorithm can be parallelized since we can compute 7 (z*1), ..., z(*/)), for each j parallelly.

It can be shown that it is sufficient to choose K to depend logarithmically on x and e. Similar to
Algorithm 1, we can show that Algorithm 2 has the guarantee that the bias of the discretization

is of order O (’}; g) and the standard deviation is of order O (’g ﬁ) (Appendix F). Then,



Breast Cancer

Liver Disorders

104 1
Randomized Midpoint Randomized Midpoint
oh'?) ” on')

IS Cheng etal 2017 10PN Cheng etal 2017
107 . Ofh) O(h)
\v\ %

w b w 107 Rt

S 107 - 5

o - i ] N

%o 10 .
103 P S
< .
10° i i ; e - ‘ . ‘ ‘
100 107 1072 10° 107 10° 10° 107 1072 10% 107 10°
Step Size h Step Size h

Figure 1: Error of random walks with different choice of step size.

summing from 0) (%) iterations, the total bias would be 0) < % Z) 0] ( A/ ‘f:) , and

the total standard deviation would be O ('}:\/E . ﬁ) =0 (thE)\ / i) By choosing R =

8) (@) , it is enough to choose & to be a constant to achieve less than €, / % error, which shows that

the algorithm needs only O (%£1log 1) = O(klog 1) parallel steps. Appendix F gives a partial proof
of the guarantee of Algorithm 2. The other part of the proof is similar to that in Algorithm 1, so we
omit it here.

Theorem 4. Let f be a function such that 0 < m - Iy < V2f(x) X L-Igforallz € R% LetY
be a random point drawn from the density proportional to e~f. Algorithm 2 can generate a random

point X such that Wo(X,Y) < € i in O(klog 1) parallel steps. Furthermore, each iteration of

Algorithm 2 involves computing © ( ) of Vfs.

5 Numerical Experiments

In this section, we compare the algorithm from our paper, randomized midpoint method, with the one
from [10]. We test the algorithms on the liver-disorders dataset and the breast-cancer dataset from
UCL machine learning [17]. In both datasets, we observe a set of independent samples {z;, yi}?il,
where y; is the label, x; is the feature and m is the number of samples. We sample from the target
distribution p*(6) x exp (—f (9)) where

£(0) = |9|| Zlog exp (—yal 0) +1),

for regularization parameters A\. We set A to be 10~2 in our experiments. Figure 1 shows the error
of randomized midpoint method and the algorithm from [10] with different step size h. The error
is measured by the {5 distance to the true solution of (3) at time N = 5000, a time much greater
than the mixing time of (3) for both datasets. Our results show that the ¢ dependence analysis of our
algorithm and that of [10] are both tight. However, we note that the logistic function is infinitely
differentiable, so there are methods of higher orders for this objective such as the standard midpoint
method and Runge—Kutta methods.
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