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A The average number of density evaluations in Sec-
tion 3.1

Kou et al. (2006) implement the EE (equi-energy) sampler by running five parallel chains
under five different temperature levels. The chain under the highest temperature adopts
only MH transitions, and the other four chains use an EE jump with probability 0.1 and
an MH transition otherwise at each iteration. The EE sampler begins by running a chain
under the highest temperature for 75,000 iterations; the first 25,000 are burn-in iterations
and the next 50,000 iterations form an energy ring at the highest temperature. The first
chain uses only MH transitions. After running the first chain for 75,000 iterations, the
sampler initiates the next chain under the second highest temperature and runs it for
75,000 iterations; the first 25,000 are burn-in iterations and the next 50,000 iterations form
an energy ring at the second highest temperature. From the second chain, the sampler
adopts an EE jump with probability 0.1 and an MH transition otherwise at each iteration.
This process continues until the EE sampler finishes running the fifth chain under the
unit temperature for 75,000 iterations; the first 25,000 iterations are discarded. All chains
keep running until the end of the fifth chain, which means that the first chain runs for
5x 75,000 iterations in total and the second one runs for 4x 75,000 iterations, etc. Each EE
jump needs to evaluate the target density twice (with caching). Thus, the (expected) total
number of the density evaluations is 16x75,000 and that per iteration is 16.0.

Similarly, Kou et al. (2006) implement parallel tempering with five temperature levels
and propose four swaps with probability 0.1 at the end of each iteration. Five chains
under five different temperature levels are run simultaneously for 75,000 iterations, using
MH transitions. At the end of each iteration, four swaps occur with probability 0.1 and



no swaps otherwise. Each swap requires two additional evaluations of the target (with
caching). Thus, the (expected) total number of the target density evaluations is 435,000
and the average number of the density evaluations per iteration is 5.8 (=435,000/75,000).

B Implementation details in Section 3.3

Tempered transitions require several tuning parameters, e.g., the number of rungs of
the temperature ladder and the temperature and jumping scale of each rung, and set-
ting these parameters is known to be challenging in practice (Behrens et al., 2012). At
each iteration, the tempered transitions ascend the temperature ladder to explore a flat-
ter surface where the modes are melted down, and then descend the ladder, accept-
ing the last candidate with a modified acceptance probability to maintain the station-
ary distribution (Neal, 1996). To sample 7 in (12) at iteration ¢, for example, suppose
mj(z1) o {m(xy | :cg*l),ngl),xyfl),y, w) }/7i | where T} is the temperature at rung j for
j =1,...,J. The target density is mo(z;) and the ladder has J rungs with Tj = 1 <
Ty < --- < Ty. Within each iteration 4, starting from j = 1 to J, we generate 21, from
No(Z1,j-1, X;), where Z19 = 2" and accept it with probability min{1, m1;(21)/m15(Z1,5-1)}
and set Z1; = &1 otherwise. Once we reach j = J, we reverse the process from j = J
to 1 and generate & j_1 from No(Zy;,%;) where Z;; = %1, and accept it with probability
min{1, my ;_1(&1j-1)/m1,-1(&1;)} and set &1 j_1 = &1, otherwise until we reach the bottom
of the temperature ladder, collecting @1 j_1, ..., Z19. After generating the last proposal 21,

we set xgi) = T19 with an MH acceptance probability of

min 4 1, 7r11(af§"_1)) o WlJ(fflAJ—l) 7Tl,J—1E£1,J—1) w 7T10(3}“10) 7
wlo(;p&’_l)) 7T1,J—1($1,J—1) 7T1J(5E1,J—1) m11(Z10)
and set q:gi) = ;ch) otherwise.

To fit the simulated data, we set three rungs with temperature equal to 27 for the jth
rung. Because the longest observed distance between two sensors is about 0.9, we set the
jumping covariance matrix ¥; = (0.9 x 1.2771)? x I, for each Metropolis update of the
tempered transitions for the jth rung. For Metropolis and RAM, we set ¥ = 1.08% x I,.
This is the same as the jumping covariance matrix of tempered transitions at the middle
rung, i.e., Xo. An initial value for each unknown location for each Markov chain is randomly
selected from the unit square, [0, 1] x [0, 1].

C The average number of 7, evaluations in Section 3.4

Since the kernels are used only to sample 71 in Step 1 of Table 5, the average number of
711 evaluations at each iteration (Ny,,) is not proportional to the entire CPU time needed
for sampling the full posterior 7 in (18). For reference, NTI\FE . = 2 (with either the Gaussian
or mixture proposal), NiAM = 876 (N; = 1, N, = 4.48, N, = 1.28), and NI = 11.
Each Metropolis transition evaluates m; twice, once for the current state and once for the



proposal at each iteration. Caching the density value of the current state does not help
reduce N, because the density of the current state changes according to the updates of
the other parameters in Steps 2 and 3 of Table 5.
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