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Hamiltonian Monte Carlo (HMC)

Draw samples from density p(θ) with random variable θ ∈ RD

I introduce an auxiliary variable p ∈ RD with density
p(p) = N (p|0,M)

I sample from joint density p(θ,p) = p(θ)p(p)

Physical interpretation
I the negative joint log-probability is a Hamiltonian

H(θ, p) = − log p(θ) +
1

2
log (2π)D |M|︸ ︷︷ ︸

potential energy

+
1

2
pTM−1p︸ ︷︷ ︸

kinetic energy

I M interpreted as mass matrix, p as a momentum variable
I Hamilton’s equalities as the time evolution w.r.t. a fictitious

time τ

dp

dτ
= −∂H

∂θ
= ∇θ log p(θ),

dθ

dτ
=
∂H

∂p
= M−1p



Draw sample from a Markov chain
Discretizing Hamilton’s equalities with stepsize parameter ε

I Euler’s Method

p(τ + ε) = p(τ) + ε∇θ log p(θ(τ)), θ(τ + ε) = θ(τ) + εM−1p(τ)

I modification of Euler’s method

p(τ + ε) = p(τ) + ε∇θ log p(θ(τ)), θ(τ + ε) = θ(τ) + εM−1p(τ + ε)

I the leapfrog method with number of leapfrog steps L

p(τ + ε/2) = p(τ) + ε∇θ log p(θ(τ))/2

θ(τ + ε) = θ(τ) + εM−1p(τ + ε/2)

p(τ + ε) = p(τ + ε/2) + ε∇θ log p(θ(τ + ε))/2

Error correction by Metropolis update with acceptance probability

P{accept(θ∗, p∗)from(θ, p)} = min[1, exp(−H(θ∗, p∗) + H(θ, p))]

Highly sensitive to ε and L

I theoretical optimal acceptance rate for HMC is around 0.65
[Beskos et al, 2010 and Neal, 2010]



Observations on bivariate Gaussian by HMCAdaptive Hamiltonian and Riemann Manifold Monte Carlo Samplers
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Figure 1. 1000 samples from a bivariate Gaussian distribu-
tion generated using HMC. We show the trajectory and
auto-correlation of the samples for 3 parameter settings.

justed thereafter for every iteration. ✏ is chosen using
a stochastic approximation method referred to as dual
averaging, and L is chosen for every sample using a
recursive algorithm in which the number of leapfrog
steps is allowed to increase until the proposal trajec-
tory taken by the sampler begins to move back towards
the initial point, thus preventing U-turns and allowing
for the good mixing of the chain.

Riemann manifold HMC (RMHMC) (Girolami &
Calderhead, 2011) is a sampling method derived from
HMC, and provides an adaptation mechanism for
HMC by exploiting the Riemannian geometry of the
parameter space. Rather than adapting ✏ and L,
RMHMC accounts for the local structure of the joint
density by adapting the mass matrix M used in HMC.
Since RMHMC automatically adapts its mass ma-
trix, the stepsize ✏ is usually fixed and the number
of leapfrog steps L, which is a single scalar, can be
chosen using the rejection rate. While the sensitivity
to these parameters is greatly reduced, they must still
be set and there is no general guidance on how these
parameters should be chosen, making it desirable to
have a fully automatic method for RMHMC as well.

3. Adaptive Hamiltonian Monte Carlo

In order to adapt the MCMC parameters L and ✏ for
HMC, we need to (i) define an objective function and
(ii) choose a suitable optimization method.

As pointed out in Pasarica & Gelman (2010), a natu-
ral objective function for adaptation is the asymptotic
e�ciency of an MCMC sampler, (1 + 2

P1
k=1 ⇢k)�1,

where ⇢k is the auto-correlation of the sampler with
lag k. Despite its appeal, this measure is problematic
because the higher order auto-correlations are hard to
estimate. To circumvent this problem, Pasarica and
Gelman (2010) introduced an objective measure called

the expected squared jumping distance (ESJD):

ESJD(�) = E�kxt+1 � xtk2,

where � = (L, ✏) denotes the set of parameters for
HMC. Maximizing the above objective is equivalent to
minimizing the first-order auto-correlation ⇢1. In prac-
tice, the above intractable expectation with respect to
the Markov chain is approximated by an empirical es-
timator, as outlined in Pasarica & Gelman (2010).

The ESJD measure is e�cient in situations where the
higher order auto-correlations increase monotonically
with respect to ⇢1. However, it is not suitable for
tuning HMC samplers since by increasing the number
of leapfrog steps one can almost always generate better
samples. What we need is a measure that also takes
computing time into consideration. With this goal in
mind, we introduce the following objective function:

f(�) =
ESJD(�)p

L
=

E�kxt+1 � xtk2

p
L

.

This function simply normalizes the ESJD by the num-
ber of leapfrog steps L, thus taking both statistical
e�ciency and computation into consideration. Most
of our experiments will use this measure as we have
found it to work very well in practice. Many works in
the adaptive MCMC literature have considered match-
ing empirical and theoretical acceptance rates in order
to adapt MCMC samplers; see for example Andrieu &
Robert (2001) or Vihola (2010). We have found this
strategy to perform poorly in the case of HMC, where
samplers with the same acceptance rate can exhibit
di↵erent mixing behavior (figure 1). When discussing
Bayesian neural networks in our experiments (section
5.4), we will introduce an alternative objective func-
tion based on predictive performance. Such a measure
does however only apply in predictive domains and is,
consequently, less general than the normalized ESJD
objective.

Now that we are armed with an objective function,
we need to address the issue of optimization. Since
the objective is only available point-wise (that is, it
can be evaluated but its exact form is intractable), re-
searchers typically use stochastic approximation. We
use Bayesian optimization to optimize the objective.
A discussion contrasting these two alternatives is pre-
sented in Hamze et al. (2013).

Bayesian optimization is an e�cient gradient-free opti-
mization tool well suited for expensive black box func-
tions. Our objective function (normalized ESJD) is of
this nature. As mentioned earlier, normalized ESJD
involves an intractable expectation that can be approx-
imated by sample averages, where the samples are pro-
duced by running HMC for a few iterations. Each set

Auto-correlation of the Markov chain at lag k after T steps

ρk =
1

T − k

∑
t

θtθt−k



Basic idea of this paper

Goal of this paper

I automatically tune Monte Carlo sampler based on simulating
Hamiltonian dynamics

Assumption

I history samples are useful to find the optimal parameters

Methodology

I adaptive MCMC

I Bayesian optimization

I expected squared jumping distance



Expected squared jumping distance (ESJD)
The asymptotic efficiency of Markov chain sampling for sample
mean θ = 1

T

∑
t θt [Pasarica & Gelman, 2010]

effθ(γ) =
Varp(θ)

Var(Jγ )(θ)
=

1

1 + 2
∑

k ρk

I proposed strategies {Jγ}γ∈Γ where Γ = {(ε, L)} in HMC

I p is the target distribution

I Varp denotes the variance under independent sampling

I VarJγ denotes the sample variance from the MCMC output

An alternative measure: ESJD [Pasarica & Gelman, 2010]

f (γ) = Eγ ||θ(t+1) − θ(t)||2/
√
L

I avoid difficulty for estimating higher order auto-correlations

I maximizing ESJD is equivalent to minimizing the first order
auto-correlation ρ1

I approxiamted by an empirical estimator

I take computing time into consideration



Optimizing ESJD

Run HMC for a few iterations to get samples so that ESJD
objective can be evaluated

I expensive objective evaluation

I possibly multiple local maxima

Bayesian optimization overcomes these problems

I minimize the number of objective function evaluations

I likely to do well even in settings where the objective function
has multiple local maxima



Bayesian optimization

A method of finding the maximum of expensive cost function

max
x∈A

f (x)

I priors over functions, e.g. Gaussian Process prior

I posterior captures the updated beliefs about the unknown
objective function as a surrogate function

I sample the next location from an acquisition function

Algorithm 1 Bayesian Optimization
1: for t = 1, 2, . . . do
2: Find xt by optimizing the acquisition function over the GP: xt = argmaxx u(x|D1:t�1).

3: Sample the objective function: yt = f(xt) + "t.
4: Augment the data D1:t = {D1:t�1, (xt, yt)} and update the GP.

5: end for

way of optimizing the expectation of this utility with respect to the posterior
distribution of the objective function. This secondary optimization problem is
usually easier because the utility is typically chosen so that it is easy to evaluate,
though still nonconvex. To make clear which function we are discussing, we will
refer to this utility as the acquisition function (also sometimes called the infill
function). In §2.3, we will discuss some common acquisition functions.

In practice, there is also have the possibility of measurement noise, which
we will assume is Gaussian. We define xi as the ith sample and yi = f(xi)+ "i,

with "i
iid⇠ N (0,�2

noise), as the noisy observation of the objective function at xi.
We will discuss noise in more detail in §2.4.

The Bayesian optimization procedure is shown in Algorithm 1. As men-
tioned earlier, it has two components: the posterior distribution over the ob-
jective and the acquisition function. Let us focus on the posterior distribu-
tion first and come back to the acquisition function in §2.3. As we accumu-
late observations D1:t = {x1:t, y1:t}, a prior distribution P (f) is combined
with the likelihood function P (D1:t|f) to produce the posterior distribution:
P (f |D1:t) / P (D1:t|f)P (f). The posterior captures the updated beliefs about
the unknown objective function. One may also interpret this step of Bayesian
optimization as estimating the objective function with a surrogate function (also
called a response surface). In §2.1, we will discuss how Gaussian process priors
can be placed on f .

2.1 Priors over functions

Any Bayesian method depends on a prior distribution, by definition. A Bayesian
optimization method will converge to the optimum if (i) the acquisition func-
tion is continuous and approximately minimizes the risk (defined as the ex-
pected deviation from the global minimum at a fixed point x); and (ii) con-
ditional variance converges to zero (or appropriate positive minimum value in
the presence of noise) if and only if the distance to the nearest observation
is zero [Močkus, 1982, Močkus, 1994]. Many models could be used for this
prior—early work mostly used the Wiener process (§2.5). However, Gaussian
process (GP) priors for Bayesian optimization date back at least to the late
1970s [O’Hagan, 1978, Žilinskas, 1980]. Močkus [1994] explicitly set the frame-
work for the Gaussian process prior by specifying the additional “simple and
natural” conditions that (iii) the objective is continuous; (iv) the prior is ho-
mogeneous; (v) the optimization is independent of the mth di↵erences. This

6



Optimizing ESJD by Bayesian optimization
Optimization problem: maxγ∈Γ f (γ)

I Γ = {(ε, L) : ε ∈ [bεl , b
ε
u], L ∈ [bLl , b

L
u ]}

I L is discrete

I ε is one-dimensional, and discretized in a fine grid.

Gaussian process prior f (γ) ∼ GP(0, k(γ, γ′))

I Gaussian ARD covariance function
k(γi , γj) = exp(−1

2γ
T
i Σ−1γj) where

Σ = diag([κ(bεu − bεl )]2, [κ(bLu − bLl )]2)

Noisy evaluation is considered r(γ) = f (γ) + ε with ε ∼ N (0, σ2
η)

Given observed data Di = {(γk , rk)}ik=1, the posterior predictive
distribution is

f |Di , γ ∼ N (µi (γ), σ2
i (γ))

µi (γ) = kT (K + σ2
ηI )
−1ri

σ2
i (γ) = k(γ, γ)− kT (K + σ2

ηI )
−1k



Acquisition function
Upper confidence bound method [Srinivas et al., 2010]

u(γ|Di ) = µi (γ) +
√
ντtσi (γ)

Figure 2: Simple 1D Gaussian process with three observations. The solid black line
is the GP surrogate mean prediction of the objective function given the data, and the
shaded area shows the mean plus and minus the variance. The superimposed Gaussians
correspond to the GP mean and standard deviation (µ(·) and �(·)) of prediction at the
points, x1:3.

includes a very large family of common optimization tasks, and Močkus showed
that the GP prior is well-suited to the task.

A GP is an extension of the multivariate Gaussian distribution to an infinite-
dimension stochastic process for which any finite combination of dimensions will
be a Gaussian distribution. Just as a Gaussian distribution is a distribution over
a random variable, completely specified by its mean and covariance, a GP is a
distribution over functions, completely specified by its mean function, m and
covariance function, k:

f(x) ⇠ GP(m(x), k(x,x0)).

It is often useful to intuitively think of a GP as analogous to a function, but
instead of returning a scalar f(x) for an arbitrary x, it returns the mean and
variance of a normal distribution (Figure 2) over the possible values of f at x.
Stochastic processes are sometimes called “random functions”, by analogy to
random variables.

For convenience, we assume here that the prior mean is the zero func-
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Modified acquistion function

Add two more parameters

u(γ|Di ) = µi (γ)s + pi
√
ντtσi (γ)

I posterior mean is used to predict the regions of potentially
higher objective values (exploitation)

I posterior variance is used to detect region of high uncertainty
(exploration)

I s = α
ri

if ri > maxj=1,...,i−1rj where α is a parameter. It
rescales the rewards to the same range each time we encouter
a new maximum reward

I pi = (max{i − k + 1, 1})−1/2 where i is the iterations of
algorithm and k is another parameter. it is useful to prove
convergence of adaptive MCMC method.



Adaptive Hamiltonian and Riemann Manifold Monte Carlo Samplers

of HMC samples for a specific set of hyper-parameters
� 2 � results in a noisy evaluation of the normalized
ESJD: r(�) = f(�) + ", where we assume that the
measurement noise is Gaussian " ⇠ N (0,�2

⌘).

Following the standard Bayesian optimization method-
ology, we set � to be a box constraint such that

� = {(✏, L) : ✏ 2 [b✏l , b
✏
u], L 2 [bL

l , bL
u ]}

for some interval boundaries b✏l  b✏u and bL
l  bL

u . The
parameter L is discrete. The parameter ✏ is continu-
ous, but since it is one-dimensional, we can discretize
it using a very fine grid.

Since the true objective function is unknown, we spec-
ify a zero-mean Gaussian prior over it:

f(·) ⇠ GP (0, k(·, ·))

where k(·, ·) is the covariance function. Given noisy
evaluations of the objective function {rk}i

k=1 evalu-
ated at points {�k}i

k=1, we form the dataset Di =�
{�k}i

k=1, {rk}i
k=1

�
. Using Bayes rule, we arrive at

the posterior predictive distribution over the unknown
objective function:

f |Di,� ⇠ N (µi(�),�2
i (�))

µi(�) = kT (K + �2
⌘I)

�1ri

�2
i (�) = k(�,�) � kT (K + �2

⌘I)
�1k

where

K =

2
64

k(�1,�1) . . . k(�1,�i)
...

. . .
...

k(�i,�1) . . . k(�i,�i)

3
75 ,

k = [k(�,�1) . . . k(�,�i)]
T , and ri = [r1 . . . ri]

T .
In this work, we adopt a Gaussian ARD covari-
ance function with k(�i,�j) = exp(� 1

2�
T
i ⌃

�1�j)
where ⌃ is a positive definite matrix. We set ⌃ =

diag
⇣
[↵(b✏u � b✏l )]

2
;
⇥
↵(bL

u � bL
l )
⇤2⌘

, where ↵ = 0.2.

For more details on Gaussian processes, please refer
to Rasmussen & Williams (2006).

The Gaussian process simply provides a surrogate
model for the true objective. The surrogate can be
used to search, e�ciently, for the maximum of the ob-
jective function. In particular, it enables us to con-
struct an acquisition function u(·) that tells us which
parameters � to try next. The acquisition function
uses the Gaussian process posterior mean to predict
regions of potentially higher objective values (exploita-
tion). It also uses the posterior variance to detect re-
gions of high uncertainty (exploration). Moreover, it
e↵ectively trades-o↵ exploration and exploitation. Dif-
ferent acquisition functions have been proposed in the

Algorithm 2 Adaptive HMC.

1: Given: �, m, k, ↵, and �1.
2: for i = 1, 2, . . . , do
3: Run HMC for m iterations with �i = (✏i, Li).
4: Obtain the objective function value ri using the

drawn samples.
5: Augment the data Di = {Di�1, (�i, ri)}.
6: if ri > supj2{1,··· ,i�1} rj then
7: s = ↵

ri

8: end if
9: Draw u ⇠ U([0, 1])

10: let pi = (max{i � k + 1, 1})�0.5, with k 2 N+.
11: if u < pi then
12: �i+1 := arg max�2� u(�, s|Di).
13: else
14: �i+1 := �i

15: end if

16: end for

literature (Močkus, 1982; Srinivas et al., 2010; Ho↵-
man et al., 2011). We adopt a variant of the Upper
Confidence Bound (UCB) (Srinivas et al., 2010), mod-
ified to suit our application:

u(�, s|Di) = µi(�, s) + pi�
1
2
i+1�i(�).

As in standard UCB, we set �i+1 =

2 log

✓
(i+1)

d
2

+2⇡2

3�

◆
, where d is the dimension of

� and � is set to 0.1. The parameter pi ensures that
the diminishing adaptation condition for adaptive
MCMC (Roberts & Rosenthal, 2007) is satisfied.
Specifically, we set pi = (max{i � k + 1, 1})�0.5 for
some k 2 N+. As pi goes to 0, the probability of
Bayesian optimization adapting � vanishes as shown
in Algorithm 2.

It could be argued that this acquisition function could
lead to premature exploitation, which may prevent
Bayesian optimization from locating the true optimum
of the objective function. There is some truth to
this argument. Our goal when adapting the Markov
chain, however, is less about finding the absolute best
hyper-parameters but more about finding su�ciently
good hyper-parameters given finite computational re-
sources. Given enough time, we could slow the an-
nealing schedule thus allowing Bayesian optimization
to explore the hyper-parameter space fully. However,
under time constraints we must use faster annealing
schedules. As pi decreases, it becomes increasingly dif-
ficult for Bayesian optimization to propose new hyper-
parameters for HMC. Consequently, the sampler ends
up using the same set of hyper-parameters for many
iterations. With this in mind, we argue, it is more
reasonable to exploit known good hyper-parameters
rather than exploring for better ones. This intuition
matches our experience when conducting experiments.



Convergence of adaptive HMC

Let {Pγ} be a collection of Markov chain kernels, each admitting π
as the stationary distribution.

Theorem
Suppose that Pγ when restricted to a compact set M, admits the
stationary distribution π for all γ ∈ Γ. If π is continuous, positive
and bounded on M, and |Γ| is finite, then the adaptive HMC
sampler is ergodic.



Experimental settings

Prefixed hyperparameters

I σ2
η

I κ = 0.2

I ν = 1

I τt = 2 log
(

(i+1)d/2+2π2

3δ

)
where δ = 0.1 and d = 2

I α = 4

I k = 100

I m = B/k where B is the number of burn-in samples

I Γ = {(ε, L) : ε ∈ [bεl , b
ε
u], L ∈ [bLl , b

L
u ]}

Evaluation measure

I the effective sample size ESS = R(1 + 2
∑

k ρk) where R is
the number of posterior samples [Girolami & Calderhead,
2011]

I ESS/L [Hoffman & Gelman, 2011]
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Figure 2. Box plots comparing ESS/L for Bayesian logis-
tic regression. Top row: AHMC vs NUTS. Bottom row:
ARMHMC vs RMHMC.

5.2. Log-Gaussian Cox Point Process

We model a data set Y = {yij} that consists of counts
at locations (i, j), i, j = 1 . . . , d in a regular spatial grid
using a log-Gaussian Cox point process (LGC) (Chris-
tensen et al., 2005; Girolami & Calderhead, 2011). Ob-
servations yij are Poisson distributed and condition-
ally independent given a latent intensity process ⇤ =
{�ij} with means s�ij = s exp(xij), where s = 1

d2 .
The rates X = {xij} are obtained from a Gaussian
process with mean function m(xij) = µ1 and covari-
ance function ⌃(xij , xi0j0) = �2 exp (��(i, i0, j, j0)/�d),

where �(i, i0, j, j0) =
p

(i � i0)2 + (j � j0)2. The joint
probability log p(y,x|µ,�,�) is proportional to:

X

i,j

yijxij�d exp(xij)�
1

2
(x�µ1)>⌃�1(x�µ1). (2)

We generate samples jointly for x,�, µ,� using a grid
of size d = 64, using a synthetic data set obtained by
drawing from the generative process for this model.
We generate 5000 samples after a burnin of 1000
samples. For this model, we use L 2 {1, · · · , 500},
✏ 2 [0.001, 0.1] for AHMC, and use L 2 {1, · · · , 60},
✏ 2 [0.01, 1] for ARMHMC. We compare the perfor-
mance of the adaptive method we presented in terms
of ESS per leapfrog step in figure 3. We compare
AHMC versus NUTS and ARMHMC versus RMHMC,
showing the minimum, median and maximum ESS
per leapfrog step obtained for 10 chains with dis-
persed starting points. We see that almost all points
lie below the diagonal line, which indicates that the
AHMC and ARMHMC have better ESS/L compared
to NUTS and RMHMC, respectively. Thus even for
high-dimensional models with strong correlations our
adaptive method allows for automatic tuning of the
sampler and consequently the ability to obtain higher
quality samples than with competing methods.

We examine the quality of the posterior distribution
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Figure 3. Comparing minimum (red), median (blue) and
maximum (black) ESS/L for the Log-Gaussian Cox model.
Each of the colored glyphs represents one of the 10 chains
generated.
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Figure 4. Comparing quality of posterior distributions
from samples obtained using AHMC and NUTS for the
log-Gaussian Cox model. The top-right image shows the
locations of the true data.

obtained for AHMC and NUTS in figure 4, by visualiz-
ing the latent field and its variance, and comparing to
the true data (which is known for this data set). The
top row shows the true latent fields. From the true
data observations (shown in top right corner), we see
that there are few data points in this region and thus
we expect to have a high variance in this region. The
average of the samples obtained using AHMC shows
that we can accurately obtain samples from the latent
field x, and that the samples have a variance matching
our expectations. While NUTS is able to also produce
good samples of the latent field, the variance of the
field is not well captured (bottom right image).



Stochastic Volatility

Adaptive Hamiltonian and Riemann Manifold Monte Carlo Samplers

Table 1. Comparative results for the stochastic volatility
model.

ESS per Leapfrog
Sampler minimum median maximum
AHMC 1.3 ± 0.1 6.9 ± 0.7 14.9 ±1.4
NUTS 0.7 ± 0.3 3.5 ±1.6 9 ±2.8

5.3. Stochastic Volatility

We consider a stochastic volatility model described by
Kim et al. (1998) and Girolami & Calderhead (2011),
in which we consider observations yt, regularly spaced
in time for t = 1, . . . , T . Each yt is specified using a
latent variable xt, which represents the log-volatility
following auto-regressive AR(1) dynamics. The model
is specified as:

yt =✏t� exp (0.5xt) , ✏t ⇠N (0, 1) (3)

xt+1 =�xt + ⌘t+1, ⌘t+1 ⇠N (0,�2) (4)

x1 ⇠N
✓

0,
�2

1 � �2

◆
, p(�) / 1

�
. (5)

For stationarity of the log-volatility, |�| < 1, and the
standard deviation � > 0, whose priors we set to
�+1

2 ⇠ Beta(20, 1.5) and �2 ⇠ inv-�2(10, 0.05), re-
spectively. The parameters to be sampled by HMC is
thus ⇥ = {x,�,�,�2}, and the joint probability is:

p(y,⇥)=

TY

t=1

p(yt|xt,�)p(xt|xt�1,�,�2)p(�)p(�2)p(�). (6)

We make use of the transformations � = exp(�) and
� = tanh(↵) to ensure that we sample using un-
constrained variables; the use of this transformation
requires the addition of the Jacobian of the trans-
formation of variables. We generate samples jointly
using our AHMC methods, using training data with
T = 2000. For our experiments, we use a burnin pe-
riod of 10, 000 samples and thereafter generate 20, 000
posterior samples. We restrict our box constraint such
that L 2 {1, · · · , 300}, ✏ 2 [10�4, 10�2]. We show the
results comparing ESS for the two methods in table
1. These results again show higher values for ESS per
leapfrog step, demonstrating that a better perform-
ing sampler can be obtained using AHMC – further
demonstrating the advantages of AHMC methods for
sampling from complex hierarchical models.

5.4. Bayesian Neural Networks

We demonstrate the application of our adaptive ap-
proach using Bayesian neural networks (BNNs) to
show that AHMC allows for more e↵ective sampling
of posterior parameters even when compared to sam-
plers finely tuned by an expert. We make use of the
Dexter data set from the NIPS 2003 feature selection

challenge, which is a subset of the well-known Reuters
text categorization benchmark. The winning entries
submitted by Neal & Zhang (2006) used a number of
feature selection techniques followed by a combination
of Bayesian Neural Networks and Dirichlet di↵usion
trees. The entry that used only BNNs was placed sec-
ond and achieved highly competitive results (Guyon
et al., 2005).

The BNN model consists of 295 input features and
2 hidden layers with 20 and 8 hidden units respec-
tively. The input features are selected from the full set
of features through univariate feature selection. The
weights and bias as well as a few other parameters of
this particular network adds up to form a 6097 dimen-
sional state space for the HMC sampler.

For this model, we use cross-validation to construct
the reward signal. We divide the data into n sets,
and train n BNNs each on n � 1 sets and test them
on the remaining set like in the case of normal cross-
validation. The cross-validation error is then used to
calculate the reward. To take computation into ac-
count, we always evaluate the reward over the same
number of leapfrog steps, i.e. for each evaluation of
the reward we use a di↵erent number of samples and
a di↵erent number of leapfrog steps for each sample,
but the product of the two remains constant.

We compare the results in table 2, where the perfor-
mance measure is the prediction error on a test set
(unknown to us) and was obtained after submission
to the competition system. The improved results ob-
tained using the AHMC strategy are clear from the ta-
ble, also demonstrating that good adaptation can be
preferable to the introduction of more sophisticated
models.

Table 2. Classification error on the test set of the Dexter
data set. The table shows the mean and the median pre-
diction errors of our 8 BNNs trained as in cross-validation.
The majority vote of these 8 networks achieves slightly
better results than that of a more sophisticated model in-
volving Dirichlet di↵usion trees.

Method Error
Expert-tuned HMC for BNN 0.0510
AHMC for BNN (Mean error) 0.0498
AHMC for BNN (Median error) 0.0458
Winning entry (using Dirichlet Di↵usion Trees) 0.0390
AHMC for BNN + Majority Voting 0.0355

6. Discussion and Conclusion

In section 3 we described the use the expected squared
jumping distance as a suitable objective. Several other
objectives, such as the mean update distance, cross-
validation error and the cumulative auto-correlation,
are also suitable, and their use depends on the
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