Supplementary Material: Poisson-Minibatching for Gibbs
Sampling with Convergence Rate Guarantees

A Fast Sampling of the Auxiliary Variables

In this section, we describe in detail the method used to sample the auxiliary variables sy and prove
Statement[T} The method for doing so is described here in Algorithm

Algorithm 4 Sample auxiliary variables s

> pre-computation step; happens once
fori =1tondo NY

A'L' < Z(bEA[l] ‘Ld) + M¢

compute distribution p; over A[i| where

AM,
pi(¢) T¢ + M.
process distribution p; so that in future, it can be sampled from in constant time
end for

> to actually re-sample the auxiliary variables
given: current state = € §, variable ¢ to resample
initialize sparse vector s : Afi] — Z
sample B ~ Poisson(A;)
for b =1to B do
sample ¢ ~ p;
compute ¢(x)
>\1\/I¢ "
with probability %ﬁj\;) update sparse vector sg < 54 + 1
L ¢

end for

To see that this is valid, let B = Z:l s; where s; are Poisson variables with parameters ;. We know
that B is also Poisson distributed with parameter A = Z? ;. Conditioned on the value of B, it is
known that s; follows a multinomial distribution with event probabilities A;/A and trial count B.
Therefore, we can first sample B ~ Poisson(A) and then sample

N A An
(51,...8n) ~ Multinomial (B, (Al’ ce A)) )

Our Algorithmfd]is only slightly more complicated than this process, in order to minimize the number
of times that ¢(x) is evaluated, but it can be seen to produce the valid distribution by the same
reasoning.

The computational cost of Algorithm[]is clearly proportional to B, and since

M,
BB = A= Y MM, <t

pEA[d]
it follows that the overall average computational cost will also be A + L. This proves Statement [1}

B Poisson-Gibbs with Exact Sampling from the Conditional Distribution

B.1 Derivation of the joint distribution

In this subsection, we derive the joint distribution (1)) by substituting the distributions of = and s into
the conditional distribution of s given . By the expression of Poisson distribution for s4 and the
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independence of s, we have

m(x,s) = n(x)n(s|z)
ocexp | Y o) | [ wlsolz)

ped ped®
= exp Z (¢p(z) + log m(se|x))

(x) + 54 log (Afd) + gi)(x)) ~log(se) — A—?’ - ¢(x)>

s¢ log (/\Lj\% + ¢(a:)) —log(sg!) — /\L]W¢)

(
(

oo (2 (o (25 1 1)t
(

= exp

= exp

= exp

L AM,
s log (1 + %¢(m)> + s¢ log (ﬁ) — log (s¢!))

B.2 Proof of Theorem[Il

In this section, we prove that Poisson-Gibbs converges, and derive a bound on its convergence rate.

Proof. First, we will derive an expression for the transition operator of Poisson-Gibbs chain, and
show it is reversible. Then we will bound the spectral gap.

If x and y are states which differ in only one variable ¢, the probability of transitioning from x to y
will be the probability of choosing to sample variable i times the expected value over the random
choice of s of the probability of sampling y(¢) from p. That s,

T(a.9) = - - Ep(y(0)

1 ex (Uy )
“a {M}

1 exp(U, yz 1 /AM 5o M
i Tt 1L (o) oo (- (372 o)
1 P <Z¢eA[zl 5 10%( 2+ 6(y)))

o [Jexp (Z¢€A[z] 5¢10g< 4 +¢(Zu))> du

11 (1 e >) - exp (~6(a))
peAli]

1 MM\ °% AM
¢€1_[A[i] Q (L¢> - exp (—Ldj)

where z, denotes x where x(¢) has been set equal to u. Note that s, here are non-negative integers

that a Poisson variable can take, not variables. So if we let r4 ~ Poisson (M#) and 7, to be all
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independent, we can write this as

exp (queA rylog (AM"’ + <b(y)>>
J exp (Zpeap molog (272 + o(z0)) )

(1 o) e ]
)

T(x,y) = —-E,

S|

e A[d]
exp <Z¢€A[z] e (log (1 + /\M oy ) + log (1 + /\M¢¢( ))))
[ exp (E¢>6A[i] 74 log (1 + mqﬁ(zu))) du

cexp | = > o(x) ]

PEA[i]

-E,

1
n

Therefore, since

PP

it follows that

()T (2, y)
1 exp (Z¢€Am Té (log (1 + ﬁ(ﬁ(y)) + log (1 + Mﬁijd)(b(x))))
nZ T [ exp <Z¢6A[i] 4 log (1 + ,\71\%(15(2“))) du

cexp [ Y o(x) Z<z> ]

Ped PpE A1)
exp (Sgea o (o8 (1+ sh-0()) +1og (1+ sk-o(x))))
[ exp <Z¢€A[i] 4 log (1 + ﬁqﬁ(zu))) du

where we define U~;(z) = }_ ;¢ 4(; ¢(2). This expression is symmetric in z and y (note that U-;(z)

does not depend on variable ?), so it follows that the Markov chain is reversible, and its stationary
distribution is indeed 7.

We can proceed to try to bound its spectral gap, using the technique of Dirichlet forms. We start by
simplifying our expression by defining

Using this, we get

exp(U—;(x)) B eXp <Z¢7€A[i] 7o (log (1 + (y)) +log (1 + Q_S(x))))
nZ r [ exp (queA[i] relog (1 + d;(zu))> du

()T (z,y) =
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We proceed by bringing the exponential on the top of this sum down to the bottom and inside the

integral, which produces
(/exp ( Z T <10g (1 + Q_S(zu))
]

HEA[i

exp (U=i())

r@)T(@y) = 2

'E,

—log (1+ ¢(z)) —log (1 + ¢(y)) )) du)
> exp (U=i(w)) (ET /exp ( Z m,(log (14 ¢(zu))

nz )
PEA]

vt x|

where this inequality follows from Jensen’s inequality and the fact that 1/z is convex. By converting
the exp-of-sum to a product-of-exp, and recalling that the 74 are independent, we can further reduce

this to
exp (U-;(x))
7o) T, y) > SR ( e

H exp <r¢ <log (1 + (E(zu))

dEA]

—log (1+ ¢(z)) —log (1 + ¢(y)) ))] du) :

_ ol (/ 10 &

PEAli

exp <r¢ <10g (1 + ¢(zu))

—log (14 ¢(z)) —log (1 + ¢(y)) ))1 du) : .

This final expectation expression is just the moment generating function of the Poisson random
variable 4 evaluated at

t = log (1 + gg(zu)) —log (1+ q_S(x)) —log (1+ Q_S(y)) .

Here, from the standard formula for that MGF, we get

E, [exp(ryt)] = exp (ML@) (exp(t) — 1))

So
exp(t) — 1
71+<5(zu)7
(1+ () (1 + é(y y) i
$(zu) — 9(x) — d(y) — d(2)d(y)
(1+ o)1+ o(y))
_ - - (¢(2u) — 6(2) — 6(1)) (¢(x) + d(y) + 6(2)¢(y)) + d(x)¢(y)
~ )T et - (15 901+ 000)
Since



(where here we’re using the condition in the theorem statement that 2. < \) we can bound this with
exp(t) — 1

=
NS
S~—
S—
+
—~
—

\
©-
—

)
S~—

\
=
<
S~—
SN—
<
—
S
<
—
s

(8 4 6) () + 6)
< Blz) — 9x) = d(y) + (3l2) + 0(y))”
< Blz) — Bla) — Bly) +

So,

4LM,
—exp (0() - o(o) — o) + 272
Substituting this into the original expression produces
()T (z,y)
-1
U, 4LM,
- w / ¢€HAM exp (o;(zu) ~ 6(2) — o) + — ¢) du)

- =) /exp(z B = D 6@ = 3, o)+ X 4Liw¢)du)

PEA[1] HEA[I] pEA[i] peA[i]

-1
> 2 (Uia) /exp(z ZOVEDBORDY ¢’<y>+4§> "“)

PEA[] Pe Al Pe Al

exp (U-;(x)) 7 7 Jj -

xp (Usi(x)) exp(Us(i)) - exp(Uyi))

nZ [ exp(Uy,)du
1 exp(U(x)) - exp(Uy(i))
nZz [ exp(U,)du
where U, denotes the assignment of U, in the plain Gibbs sampling algorithm (Algorithm ,

Uv = Z ¢(zv)7
P Ald]

Finally, if we let G denote the transition probability operator of plain Gibbs sampling, we notice right
away that

I
o
"
e}
/T\
IS
2
~ ~—
o

4L2> 1 exp(U(@)) - exp(Uy(r))
AN )nZ  [exp(Us)du

m(x)T(x,y) > exp <—

= exp (-‘“f) (2)G(z,y).

We will use the Dirichlet form argument to finish the proof. A real function f is square integrable
with respect to probability measure , if it satisfies

/f(x)27r(d:z:) < 0.
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Define L?(7) to be the Hilbert space of all such functions.
Let L3(m) C L?(m) to be the Hilbert space that uses the same inner product but only contains

functions such that
1= [ foymtdr) -

— [ #@g(e)ntda).
A special example is Var,[f] = (f, f).

From here, the Dirichlet form of a Markov chain associated with transition operator 7" is given by [3]]

—5 | [ @ - 1) T gy,

And the spectral gap can be written as [[1]

= inf E(f).
7 fEL3(m):Var:[f]=1 (f)

We also define the notation

The spectral gap is related to other common measurement of the convergence of MCMC. For example,
it has the following relationship with the mean squared error e, on a Markov chain {X,, },cn [16],

2
2 2 2.
2 < Il

With the expression of the spectral gap, it follows that

:faaA%HMJ{3//kmw—ﬂwfﬂawmmdx@}

> ex —g // v)? Gz, y)n(z) dz d
=P A f€L2(7T) Var7r Y Y

=2l

This proves the theorem. O

C Poisson-Gibbs on Continuous State Spaces

C.1 Poisson-Gibbs with Fast Inverse Transform Sampling (PGITS)

In the main body of the paper, we mentioned the PGITS method, Poisson-Gibbs with Fast Inverse
Transform Sampling. This method is to approximate the PDF by Chebyshev polynomials and then
use inverse transform sampling. In this section, we will outline the algorithm and derive convergence
rate results for it. These results will illustrate why PGITS can be expected to perform worse than
PGDA.

PGITS operates by approximating the PDF with a Chebyshev polynomial approximation and then
sampling from that polynomial approximation using inverse transform sampling. Specifically, if

the PDF we want to sample from is f(z), we can approximate f by f on [a, b] using Chebyshev
polynomials,

f:];)aka (W—l),akeR,xe[a,b] 3)

where T (z) = cos(kcos™! z) is the degree k Chebyshev polynomial, and « are the Chebyshev
coefficients of the function f [17]. We do this by interpolating f at its Chebyshev nodes, resulting in

f being the mth order Chebyshev interpolant. Once we have the polynomial approximation f we
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Algorithm 5 PGITS: Poisson-Gibbs Inverse Transform Sampling

given: state = € (), degree m, domain [a, b]
loop
set i, s4, S, and U as in Algorithm
construct degree-m Chebyshev polynomial approximation of polynomial PDF on [a, b]

f(v) = exp(Uy)
compute the CDF polynomial

F(v) = (/ F() dy) /v Fy) dy
sample v ~ Unif|0, 1].

solve root-finding problem for v: F(v) =u
> Metropolis-Hastings correction:

with probability min(1, p), set z(i) < v
output sample =
end loop

can construct the corresponding CDF approximation F by calculating the integral directly (since

polynomials are straightforward to integrate). With the approximation F', we are able to use inverse
transform sampling to generate samples. We call this whole algorithm PGITS and it is listed as
Algorithm [5]

We show that PGITS is reversible and bound its spectral gap in the following theorem.

Theorem 5. PGITS (Algorithm|5) is reversible and has a stationary distribution . Let 7 denote
its spectral gap, and let v denote the spectral gap of plain Gibbs sampling. Assume p > 1 is some
constant such that every factor function ¢, treated as a function of any single variable x (i), must be
analytically continuable to the Bernstein ellipse with radius parameter p shifted-and-scaled so that
its foci are at a and b, such that it satisfies |¢(z)| < My anywhere in that ellipse. Then, if A > 2L it

will hold that
_ 8exp(L)p~™/? 4172
>(1—- —4 ). [——
72 (1) e ()

We can set m = O(L) and A = O(L?) to make the ratio of the spectral gaps O(1), which is
independent of the size of the problem. If the parameters are set in this way, the total cost of PGITS
isO(m-(A+L))=0(L-L? = O(L?).

C.1.1 Proof of Theorem[3]

Proof. Similar to the previous analysis of Poisson-Gibbs, we will show the PGITS is reversible by
using the expression of the transition operator. Then we will bound the spectral gap.

Let T; s(z,y) denote the probability of transitioning from state x to y given that we have already
chosen to sample variable ¢ with minibatch coefficients s. Then, the overall transition operator will be

T(z,y) = E[Tis(z,y)]
where the expectation is taken over ¢ and s.

Let the polynomial interpolant for exp(U, ) be f(v) which is given in . Note that this interpolant
is a function of the index ¢ and the minibatch coefficients s. Then,

T;,s(w,y) = p(y(7)) - min(1, a)
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LC0) (1 exp(Uymf(w(z)))
J fw)du "exp(Uyp i) f(y(3))
Therefore,
Ty — LESWE) 17exp<Uy<z>>{<x<f>>>
eXp(Ua;(z))f(y(Z))

AM, AM,
- exp sglog | —— + d(x) | —log(sy!) — | —— + é(x)
(35 v () bt ()
= lz; - min (f(y(i))exp Z 54 log (1+ L gb(:v)) ,
n = ff(u)du SeAli] AMy
L _
exp sglog {1+ ——a(y) f(fﬁ(@))
PEEEE0)
AM, AM,,
- exp splog | —— | —log(sy!) — | —— + &(z) )
(35, (o () o= ()
= EZ; - min (f(y(z’))exp Z 54 log (1+ L (1:)) ,
n < [ f(u)du beA[l] AMy
L _
exp | Y splog (14 —=—¢(y) f(x(z‘)))
<¢eAm ’ ( AMy >)
AM, AM,
- exp Z <s¢log — | —log(sy!) — | — ))exp(—Uw(i))
(£ (o) (%)

Multiplying 7(«) on both sides,
m(@)T (x,y)

exp(U=i(x)) 1
= — ; ff(u)du -mm ) exp ( Z S log 1+ i gb(x))) ,

pEA[i]

f(x(i))exp ( Z S log‘ 1+ 7@5 )

peA[i]

3 (o) - (1))

This expression is symmetric in « and y, so it follows that
()T (z,y) = w(y)T(y, )
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Thus the Markov chain is reversible, and its stationary distribution is 7.

We now bound its spectral gap, using the technique of Dirichlet forms. First, as before, we start by re-

writing the chain in terms of an expectation of a new random variable 4 where 74 ~ Poisson (%)

and the 7, are all independent. We also define ¢(z) = L)\Q;\g) as before. This gives us
exp(U-i()) 1 A ]
m(x)T(z,y) = E,. = - min 1)) ex relog (1 + ¢(x ,
(@)T(z,y) — [ Fardn F(y(@) exp ¢€ZAM olog (1+ (x))

f(x(i)) exp Z 7 log (1 + Q_S(y)) >]

pEA[i]

_ exp(U-;(z))
nz

E,

min (f(y(l)) exp (Uz(i)) ) f(gc(z)) €xp (Uy(i)))

1
[ f(u)du
where now the f are considered to be a function of r4 rather than s as before.

To proceed further we will need to use the fact that fisa Chebyshev interpolant to bound its error
compared with U. Recall that, here,

U= 3 o (14 o)) = 3 relon(1+6(:0).

peA[i] pEA]

and f(v) = exp(U,) in the sense of being a degree-m Chebyshev polynomial interpolant. Recall that
we assumed that the each function ¢, treated as a function in any single variable, must be analytic on
a (shifted) Bernstein ellipse on the interval [a, b] with parameter p (i.e. a standard Bernstein ellipse
on [—1, 1] with parameter p shifted and scaled to have its foci at a and b), and that its magnitude must
be bounded by
l¢(2)] < My

for any z in this ellipse (keeping all the other parameters as usual within [a, b]. It follows that the
magnitude of the function U, is bounded by

|m%m>;WMH&ﬂM

SEA[i
11

peA[i]

< II <1+i)%.

dEA[]

T¢

L
1+ MW%)

Therefore, from Theorem[3] we know that

4p—m L ¢ 4p—m L ZdJEA[i] T¢
<t . 1+3) =——-(1+% .
<o I (e5) = (003)

f(v) —exp(U,)
’ ’ P PEA[

Since we also assumed that ¢(z) is always non-negative, U, must also be non-negative, and so in
particular exp(—U,) < 1, so

—-m > i1 T -m
4p L BEAL] 4p L
< —— |14+ — < 4/ —
=, (—I—)\) =51 exp \ Z‘rq;
PpEA[d]

fv)

oxp(Uy)

If we now define
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then ~
(1-0C)-exp(Uy) < f(v) <(1+C) - exp(Uy).

In particular, this means that

min (f(y(i)) exp (Upi)) , f(@(i)) exp (Uy(i))> > (1=C)-exp (Upgiy + Uyi)) »

and
1 1 1
= > . )
[f)ydu = 1+C  [exp(Us) du

Substituting this into our bound above gives

exp(U-i(z))
nz "

1-C exp (Usi) + Uyi))
1+C [ exp(Uy,) du

m(2)T(z,y) >

Now, recall that we set this up by sampling r4 independently from a Poisson random variable
74 ~ Poisson (%) This distribution is equivalent to assigning
AMy
A= —
> T
peA[d]

sampling the random variable B ~ Poisson (A), and then sampling 74 ~ Multinomial (B, %

If we re-think our distribution as coming from this process, then by the Law of Total Expectation,

al].

where we can pull out the terms in C' because we can write C' to depend only on B as

4p™™ L 4p™™ LB
C:p_loexp X Z‘T(ﬁ p_l'eXp()\>.
pEA[i]

1-C
1+C T

exp (Uai) + Uy(i))
[ exp(Uy,) du

exp(U~i(z))
nZz

m(x)T(z,y) > Eg

Next, we can bound this inner expectation with
B‘|
1

_fexp(Uu — Ux(z) - Uy(z)) du

exp (Uz(i) + Uy(n)
Jexp(U,) du

T

:ET

d

- -1
> E, /exp(Uu — Uiy — Uyy) du B}

— -1

=E, /exp Z T (1og (1 + (ﬁ(zu)) — log (1 + (b(ac)) — log (1 + &(Z/))) du|B
L PEA[i]

=E, /exp Z rety | du|B

pEA[i]

-1

/ET exp Z rote | |B| du ,

dEA[]

where we define

ty = log (1 + d_>(zu)) — log (1 + g?)(x)) —log (1 + ¢(y)) .
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This inner expectation is now just the moment-generating function of the multinomial distribution.
Applying the standard formula for that MGF gives us

B
AM,
E, |exp Z rety | |B| = Z AL¢ -exp(ty)
dEAL] PeA[l]
Substituting this back into our original expression gives
B -1
exp(U-i(z)) 1-C / AMy
> . .
m(x)T(z,y) > 7 Es |7 TC Z AL exp(ty) | du

peA[d]

Next, let § > 0 be a small constant, to be assigned later. Recall that for any non-negative random
variable X and any event A, by the Law of Total Probability,

E[X] = E[X|A] - P(A) + E[X|-A4] - P(~A) > E[X|A4] - P(A).

So, since the interior of this expectation is a non-negative number, it follows that

B -1
exp(U—;(x 1-C AM,
(@7 > A gy LB | [0S A )| | o <s
peA[d]
-Pp(C <9)
B -1
exp(U-i(z)) 1-94 / AMy
> . . =@, <
z 7 T+s Ep Z AL exp(ty) |  du C<$§
pEA[d]
-Pp(C <9).
By Jensen’s inequality again, we get
B -1
exp(U—;(x 1-C AM,
()T (z,y) > p(nZ( ) Ep 5 C / Z kil -exp(ty) du c<é
PeA[d]
-Pp(C <9)
B _1
exp(U-i(z)) 1-94 / AMy
> . . . <
= 7 1146 Eg Z N7 exp(ty) C<6| du
pEA[i]
-Pp(C <9).

Since this inner expectation is again non-negative, we can again apply our above inequality, but in the
opposite direction, giving

E[X
E[X|A] < P([A)}
This produces
B -1
exp(U=;i(x 1-96 AM,
m(2)T (z,y) > (nZ( ) Txs /EB Z AL¢ -exp(ty) du
peAli]
-Pp(C <)~
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Now, we are just left with the MGF of a Poisson-distributed random variable. This we already know
to be

B

AM, AM
Egp Z N exp(ty) =Ep |exp | Blog Z N exp(ty)
peAl] pEAl]

AM,
=exp [ A ( Z AL¢ ~exp(ty) | —1
peA[d]

AM,
= exp ST (exp(ty) — 1) |
peA[i]

where in the last line we can leverage the fact that
> AC =
AL
peA[d]
to justify pulling the —1 inside the sum. From the analysis of Poisson-Gibbs, we had that

explt) 1 < d(z) — o) — 3y) +

So,

AM,
Ez || > A L¢ ~exp(ty) < exp
HEA[]

- - . 412
u = Us(iy = Uyi) + )\) ;

where as in the analysis of Poisson-Gibbs, U, denotes the assignment of U, in the plain Gibbs

sampling algorithm (Algorithm I},
U= > ¢(z).

pEA[i]
Substituting this expression in to our overall bound, we get

exp(U-;(x 1-9 _ _ _ 4172 !
7(z)T(z,y) <nZ( ). 55 </6Xp <Uu —Usiiy = Uyy + BN du
-Pp(C <9)?

exp(U(x)) 1-6  exp(Uyq)
nZz 14+0 [exp(U,) du

v

Finally, if we let G denote the transition probability operator of plain Gibbs sampling, we notice right
away that
1-6 412
w@)T(00) 2 [g o (15 ) - PalC < 07 n(2)G(a)
2

(1 —=29)-exp (—4§:> “Pp(C <6)? - 7m(2)G(z,y).

v
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To get a final bound, all we need to do is bound P g(C' < ¢). This is straightforward, since

)-
PB(C<5):PB< exp( ) )
i) 52 )

Notice that by the MGF formula for B,

B [ (2] <o (3 (o (£) 1))

Since we chose a minibatch size parameter A > 2L, it follows that L/ < 1/2, and so
L | < 2L
exp| — | — —
p b\ =0

AM,
— TP <«
A= § o <A
peAli

B [ (2] <o (3 22 = et

Therefore, by Markov’s inequality,

LB p—1
Pp(C>46)=P exp( )2 ~5)
B( ) B( 2\ 4p—m

and so since also

it follows that

exp(2L)
!

o
< 4p™™ exp(2L)
—p-—1 0

Thus,

and in particular

Substituting this back into our overall bound gives us

_ 2
m(x)T(x,y) > 19 - exp (4L> Pp(C <6)? 71(x)G(x,y)

1+6 A
> (120 (120 R0 gy () ey

> (1 — a5 Sp”%n; - eXp((SQL)) exp (f) ()G, ).

Finally, choosing the value of § as



we get

w(2)T(z,y) > (1 _ 8exp<pL>_,0;m/2) .exp< 42

Now applying the standard Dirichlet form argument, we get

L —m/2 412
7> (1—%”’%) exp (—) -,

which was the desired expression. O

C.2 Proof of Theorem[d]

Proof. The reversibility can be proved by the same procedure as in Section @NBy applying that

same analysis, which did not depend on the manner in which the approximation f was constructed,
we can arrive at the expression

exp(U-i(2))

()T, y) = S

E,

!
£
B

—

e

(y(1)) exp (Uy(i))  f(a(i)) exp (Uy(i)))] :

By the assumption of ¢(z), we have
|U,| = Z rglog (1+ d(zy))

beAli]
L
log (1 + M, d)(x)) '

SZ%

pEA[i]

where the second inequality holds because
1
l<5 = [log(l+2)]<2[,

using the assumptions A > 2L and |¢(z)| < M. Now applying Lemma(l]in Section|E, assigning
o=/p gives us,

‘UU—U

8p~% L
< .
= -1 A 2 e

PEA[]
for any v in the shifted-and-scaled Bernstein ellipse with parameter ,/p.
Next, since U, is a polynomial in v, exp(ﬁy) must be analytic everywhere in C. In particular it must

be analytic on the Bernstein ellipse on the interval [a, b] with parameter ,/p. On that interval, it is
bounded by

‘exp(Uv) < exp ( )
<exp< W+ U, — Uq,)
-5 L
( - exp NS Y P ¢
<exp(4p 2+\f_1 2L Te | -
PEA[1]
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Now applying Theorem using the Bernstein ellipse with parameter ,/p, we have, for any v on the
interval [a, b],

_ - 4p=% 4p7% +/p—1 2L
f(v) —exp(U,)| < p_21 - exp % Y T
VP VP pEA[i]
Therefore, it follows that
flo) f(v) = exp(Uy) + exp(Uy) ]
exp(Uy,) - exp(Uy)

+ ‘eXp(ﬁv -Uy) — 1‘

)

where the last inequality is justified by the fact that U, is non-negative and for any z, |exp(z) — 1| <
exp(|x|) — 1. Now substituting in our bounds from above gives us

Uv) Uv - Uv

—I—exp(

fv) _q
exp(Uy,)
B 4p=% 4p= % -1 2L
< exp 8p 21.XZT¢ + pzl.exp P 2+\/1ﬁ =y re | —1
VP $eA[] VP VP peA[i)

As before, welet B =}, 4 7¢ Where B ~ Poisson(A). Then

f -% LB 4p=3 4p= % -1 2LB
1) —1| <ex <8p ’ .>+ P ~exp<p P VP . >1
exp(Uy) Vvo—1 A Vve—1 Vvp—1 A
‘We define
-% LB 4p 5 4p= % -1 2LB
E:exp(Sp § '>+ P ex (p P VP : )—1,
Vh—1 A Vh—1 N A

and by following the same steps as used in Section[C.I.T| with E in place of the C' of that proof, we

can get, for any constant § > 0,
412 9
7(@)T(,9) 2 (1-28) - exp (— - ) - Pp(E < 0 7(2)G(w,p).

All that remains is to bound P g(E < §). Using the MGF formula for B twice, we get that

e (1 o (25 ) 1))

If we require that m is large enough that
4p—% < \/ﬁ - 13

)< 2 (o () 1))

o (1 o (225 5) 1))
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By Taylor’s theorem, for x > 0,
exp(x) — 1 = exp(x) — exp(0) < x - exp(x).

So, since A < ), we can bound our expectation with

4p% 4L AL
< . L. -
Eg(FE) < — " exP (A 5y exp( 3 ))

P
\/ﬁ

8”2 L
+exp<A~ _1~Xoexp

Since Alog(2) > 4L, we can bound exp(4L/\) < 2, and so

4p% 16Lp~ %
Ep(E) < p= ~exp(8L)+exp<6’02>1.
N V1
We now define
4- L)-p~ 3 16Lp~ %
p_ exp(8L)-p 2+exp(6f)2>_1
ve—1 ve—1

By Markov’s inequality,

Py(E > 6) > EB(;(E> > F/s.

It follows
Pp(E <6)* = (1-Pg(E >0))* >1-2Py(E > 8) > 1 2F/0.

Substituting it back into the overall bound,

Let
§=+F,

it becomes
r) ) 2 (1-4VF) e (1) m(0)Glo)

Again, using the Dirichlet form we bound the spectral gap,

5 > (1 74\/17) exp <%\L2) N
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D Poisson-MH

We apply our Poisson-minibatching method to Metropolis-Hastings sampling. In Poisson-
minibatching M-H (Poisson-MH), we first generate a candidate 2* from the proposal distribution
q(z*|x). Then the M-H ratio will be calculated as following

exp (Z¢es ¢ log (1 + A{Cﬁd’(f*))) q(z*|z)
exp (ques 54 log (1 + ﬁd)(z))) q(z|z*)

p:

We accept x* with the probability min(1, p). After applying Poisson-minibatching, the M-H ratio no
longer needs to use the whole dataset which will reduce the computational cost significantly.

Theoremis similar to the bounds of Poisson-Gibbs. As long as we set A = ©(L?), the convergence
is slowed down by at most a constant factor which is unrelated to the size of the problem.

D.1 Proof of Theorem 2]

Proof. We begin with the transition probability from x to x*

T(z*, x)
_ Y i (z|z")m (2", 5)
-®{ateiomin (1, G22E2 )
q(z|z*) exp (24)6@ {S(p log (AM¢ + oz )) log S(b!})
q(x*|x) exp (Zqﬁefb [S¢ log <>\]\4¢ + ¢(x ) 10gs¢!})
q(z|z*) exp (Z¢eq> [345 log (AMd) +¢ 1‘*))])
0 (oo s (o)

alele) exp (3 peq [s0l0g (272 + 0(a")) |

o |2) exp (24@ [8¢10g(AM¢ e )D d}llp( s|z)

=E { ¢(z*|z) min | 1,

=E < g(z*|x) min | 1,

q(z"|z) min | 1,

w

q(z*|z) min | exp Z {s(ﬁ log <)\ij¢ + ¢(x)) —¢(x) — % —log s¢l] ,

s pED
q(z|z*) exp <Z¢€¢ [s¢ log( Mo 4+ p(a ))D
q(z*|z) exp <Z¢e¢ o(x) + T¢ + log 5¢!)
= Z q(x*|z) min | exp Z {% log <>\LJW¢ + qS(:r)) —¢(x) — % —log s¢!] ,

s ped

ACLOP DS [% log (AJ‘L@ - ¢<x*>) ~9(a) ~ 2% “logs, }

awle) P\ &
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Multiplying 7 (z) to both sides,
m(x)T (", x)

= o [ Y o) | 767 2)

PpeD

A A
= me ( *|z) | exp Z {343 log (ng) + ¢(x)) — % — log s¢!} ,

ped

oteleyexp | 3 [soton (274 + o)) - 272 o )

PpeD

This implies the Markov chain is reversible.

‘We can continue to reduce this to
m(2)T' (2", x)

AM, AM,
me q(z*|x) exp Zs¢ {log<L+¢(x))—lg 7 } ,
ped
« AM, . AM,
q(z|z*) exp Zs¢ [log <L¢ + o(x )) —log L¢]
ped
1 AMy\ [ AM,)
I e (7))
PED
me q(z*|x) exp Zs¢log 1—|—L¢(:17)
M, ’
ped
L 1 MM\ [ AM\*
* log [ 1+ —— (" 10 = s
otela)exp | 3 soto (14 300 | |- T s (<272) (PF2)
(S ped

Similar to the previous proof, s4 here are non-negative integers that a Poisson variable can take, not

variables. So if we let 4 ~ Poisson (%) and 4 to be all independent, we can write this as

1 L
m(x)T(z*, z) = ZE min | g(z*|x) exp Z T4 log <1 + )\Mb¢(x)) ,
PP

L
q(z]z*) exp Z re log (1 + %¢(x*)>
PP

Assume G(z*, x) is the transition operator of a plain MCMC. Consider the ratio,

m(@)T (2", z) = %Emin (q(m*|x) exp Z rylog (1 + )\LMz)qS(x)) ’

PED

g(ala”) exp Zwlog(HAf%Mw*)) )

PeD

.[1/<;m1n q(z*|x) exp Z¢ q(z|z™) exp Zgzb >1
pED

ped
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We know that ziigé g% = min (mm("é Dy mm(% D)) > min (4, £). The last inequality is due to
the fact that m > & and m > L.

With this inequality, we can continue simplifying the ratio,

@7 | gl (exp (Socarstos (1+ sho)))
m(z)G(x*, x) exp (que<I> ¢($)> )
exp (ZM) rg log (1 n )\—A[;[(bqﬁ(z*)))
exp (Syeo 0(a”) ) )]

=E

o o 55 s (1 ) -0 ).

oo (5 e (1 0) - ) )|
e (I (st - (1 ) ) ).

o (5 (st (1+z00) ) ) |

Because f(z) = % is a convex function, by Jensen’s inequality it follows

L
max (exp ¢Eeq> <¢($) —rglog (1 + %¢(x)) ) ,
*)—rglo L x* h
oo |2 <¢<x )= roto (14 o ))) )]

We have that the maximum of the product is less than the product of maximum, therefore

m > [] E| max (eXp (cb(x) — T log (1 * >\J\L@¢($)> )7

m(x)G(x*,x) ~ by

exp <¢(x*) — 1y log <1+ erﬁ( )) ))]—1

Since max(A, B) < A + B when A and B are positive, it follows

(m)T > H E| exp < — 74 log (1 + )\LM¢¢(96)) )—l—

m(x)G( ac* ot
-1

oo (w1 ovs (1))

E|exp| —rglog (1 + )\—AL/Id)qS(x)) >] is the moment generating function of the Poisson random

=E

variable r4 evaluated at
L
—1 14—
0g< N ¢(x ))
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‘We know that

E exp(rgt) = exp <Mg¢ (exp(t) — 1))

Therefore,
E|exp (— relog (1 + )\Ilm)aﬁ(x)) )] = exp (—%)
N,

Substituting this into the original expression produces

)y T (9@
7r(x)G(as*,x)2 2H p( 1+>\TL/[¢¢(37)+¢( )>

| ¢€®
- -1

1
2 exp(My) ex -——F+1
[T exp(2y) p( Tz >

D A

v

- -1

= |2 H exp(My) exp (A—fL)

| ¢€®

- L

= 2 _—
P </\ ¥ L)

—e
2

-1

I
=T
[
o
/N
\
>
%
h
N———

From Dirichlet form argument, we get

7>1 L?
Zexp | -2 ) .4
7—2€p A+ L i

D.2 Additional Experiment: Poisson-MH on Truncated Gaussian Mixture
We test Poisson-MH on the truncated Gaussian mixture as in Section The proposal is ¢(x*|z) =
N(z,0.45%T). We set A = 500. The estimated density is in Figure |4 which is very close to the

true density. This demonstrates the effectiveness of Poisson-MH and the general applicability of
Poisson-minibatching method.

-2 -1 0 1 2 3

Figure 4: The estimated density of Poisson-MH on a truncated Gaussian mixture model.
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E Extended Results about Chebyshev Interpolants

In Trefethen [[17], Theorem 8.2 proves bounds on the error of a Chebyshev interpolant on the interval
[—1, 1]. However, in order to apply this theorem to a second Chebyshev interpolant that is a function
of the first, we would need to bound the magnitude of that function on a Bernstein ellipse. To do
this, we need the following extended version of Theorem 8.2, which bounds the error not only on the
interval [—1, 1] but more generally on a Bernstein ellipse.

Lemma 1. Assume U : C — C is analytic in the open Bernstein ellipse B([—1,1], p), where
the Bernstein ellipse is a region in the complex plane bounded by an ellipse with foci at +1 and
semimajor-plus-semiminor axis length p > 1. If for all x € B([—1,1],p), |[U(x)| < V for some
constant V' > 0, then for any constant 1 < o < p, the error of the Chebyshev interpolant on the
smaller Bernstein ellipse B([—1, 1], o) is bounded by

oo -ve < oy (5) "

Proof. This proof is essentially identical to that of Theorem 8.2 in Trefethen [[17], except that the
error is bounded in a Bernstein ellipse rather than over only the real interval [—1, 1].

First, note that one parameterization of the boundary of the Bernstein ellipse with parameter p is

2+ 271
2

and the open ellipse itself can be written as

2ec, |z|p},

B L) = {

st <l <o),

Now, Theorem 8.1 from Trefethen [[17] states that the Chebyshev coefficients of a function that
satisfies the conditions of this theorem (boundedness and analyticity in a Bernstein ellipse) are
bounded by |ag| < V and

lax| < 2VpF k>1.

That is, for aj, bounded in this way,
U(z) = Z ar Ty (x)
k=0

at least for all x in the p-Bernstein ellipse on which f is analytic. (While Trefethen [[17] only states
explicitly that this holds for « € [—1, 1], the fact that it also holds on the rest of the Bernstein ellipse
follows directly from the fact that both sides of the equation are analytic over that region, using the
identity theory for holomorphic functions.) Formula (4.9) from Trefethen [[L7] states that

o0

U@) = Un(x) = Y ai (Tilx) = Tiggmy (@)
k=m+1

where U,, denotes the degree-m Chebyshev interpolant, and
I(k,m)=|((k+m—1) mod 2m) — (m — 1)].

Notice in particular that it always holds that I(k, m) < m + 1. Now, for  inside the Bernstein ellipse
B([-1,1],0), there will always exist a z € C such that 0~ < |z| < o and

z—&—z*l
5 .

For such an z, and for any £,
(2'1‘2_1)‘ |Z|k+‘z|_k 2
T, 5 =

k —k
2V +z
= <O"7

T (2)| =
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where the second equality is a well-known property of the Chebyshev polynomials. It follows that,
for any z in this Bernstein ellipse,

U(x) - Um(x)‘ = Z ag (Tk(w) - Tl(k,m)(x))’
k=m+1
< Z lak] - |Tk:($) — Tigh,m) ()|
k=m+1
(o]
< Z 2Vp k. (Uk + Ul(k’m)>
k=m-+1
<4V Z p Fo®
k=m+1
m+1 oo k
<v(7) ()
P o \P
m—+1
1
(o)
p 11— o
<4V (”) !
p) plo—1
This is the desired result. O
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