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Overview

I Inference trees (ITs) are a new adaptive Monte Carlo inference method
building on ideas from Monte Carlo tree search (MCTS)

I Existing adaptive inference methods are implicitly based on pure
exploitation, ITs explicitly aim to balance exploration and exploitation

I ITs use bandit strategies to adaptively sample from hierarchical
partitions of the space, while simultaneously learning these partitions

I Particularly effective in combination with sequential Monte Carlo (SMC)

Take Home

I By explicitly allocating computational resources to exploration, we can
construct more efficient and robust methods for adaptive inference

I Can capture long range dependencies and potentially improve beyond
what can be achieved by proposal adaption alone in SMC

Paritioning the Target Space

I Aim: approximate posterior p(x1:T |Y ), x1:T ∈ XT

I We partition XT into separate regions {Ai}i∈I
I Run inference separately on each region, e.g. using SMC, then combine
I Allocate computational resources using MCTS
I Partitioning XT directly is difficult ⇒ partition in cumulative space ZT

zt = ηt(xt;x1:t−1) =

∫ xt

−∞
qt(x

′
t|x1:t−1)dx′t (1)

qi,t(xt|x1:t−1, {zt ∈ Zi,t}) =
qt(xt|x1:t−1)I(zt ∈ Zi,t)∫ 1

0 I(zt ∈ Zi,t)dzt
(2)

I Using orthogonal partitioning of ZT : B1, B2, . . . , BI
I This implies a non-orthogonal partitioning of XT : A1, A2, . . . , AI
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Combining Estimates

I Estimates from different partitions combined in an unweighted fashion

Ep(x1:T |Y )[f (x1:T )] =
1

p(Y )

∫
p(x1:T , Y )f (x1:T ) dx1:T

=
1

p(Y )
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i∈I
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∏T
t=1 I(zt ∈ Zi,t)

Q (x1:T | {z1:T ∈ Bi})

]

≈
∑

i∈I %̂i∑
i∈I υ̂i

where %̂i =
1

Ni

Ni∑

n=1

wi
nf
(
x̂n1:T,i

)
, υ̂i =

1

Ni

Ni∑

n=1

wi
n

I Node estimate is combination of local estimate and children

µ̂j =
cj −

(
clj + crj

)

cj
%̂j +

clj + crj
cj

(
µ̂lj + µ̂rj

)
(3)

Tree Learning Algorithm

Three key components to training:

I Traversal – Choose a node to
update using upper confidence
bounding. This adaptively
allocates resources to where
they are needed.

I Refinement – Either run
inference at chosen node or
split it and run inference for
children. The latter uses the
existing samples at the node to
choose a good split

I Propagation – Update the
tree with information from new
estimates.
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where s is a proposed split points⇤ = arg mins Entropy(ps)
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Consistent Regardless of Training Strategy

Consistent regardless of training strategy given some weak assumptions
I Assumption 1 – individual estimators converge
I Assumption 2 – nodes sampled from infinitely often if sibling is also
I Assumption 3 – depth of tree remains bounded

Theorem 1. If Assumptions 1, 2, and 3 hold, then all estimates calculated
using an IT converge weakly as K →∞.

Experimental Results

(a) Chaotic Dynamics (b) GMM (c) Network Tail Integral

Figure 2: Convergence of ITs (with 500 particles for each evaluation) compared to base inference
algorithms, solid lines show mean over 10 runs, with shaded region showing ± one standard deviation.
run inference at intermediate nodes. The main rationale for doing this is that running inference at an
intermediate node and propagating the resultant down through the tree can be a highly effective means
of exploration. The p̂j of the child nodes are not updated in this manner, but a separate ancestral
estimate is calculated that is incorporated into the traversal strategy.

4.2 Traversal
Our procedure for allocating computational resources to nodes follows a similar method to upper
confidence trees [12], starting at the root note and recursively make traversal decisions based on upper
confidence bounding. However, we introduce a number of significant differences such as an option
to stop at the current node rather than recursing to one of the children, using explicit uncertainty
estimates to better guide the exploration, annealing the target to reflect the heavy-tailed nature of most
estimates, and the use of alternating parameter setups to accelerate the learning process by allowing
the tree to get rapidly deeper in certain areas. As the goal of posterior inference is often to estimate an
expectation of some function, say f , we adapt our traversal strategy to the “unknown f” and “known
f” cases, using the ML and the standard error of the expectation estimate respectively as our “reward”
for the each. The optimality of the latter was shown by [6] in the non-hierarchical setting.

4.3 Refinement
When a node is chosen by the traversal strategy, there are two ways we can refine the tree. We can
just update the local estimate or, if the node is a leaf node, we can split that node to expand the
tree. The two considerations here are whether to split and how to split. The former is controlled by
only attempting to split once Nj reaches a certain threshold and only accepting a split if it passes
a usefulness test (namely a significance test on the partition estimates originating from different
distributions) – we generally wish to avoid unnecessary over-splitting. For the latter, we use the
samples generated from the current node to estimate where the best point to split will be using entropy
metric that encourages splits which can be best exploited later by the traversal strategy.

5 Experiments
We present preliminary results for three models, details for which are given in Appendix D. Two of
these are“unknown f” problems, for which our aim is approximation of the posterior. Namely, we
consider the chaotic dynamical system problem introduced by [18] and a Gaussian mixture model
(GMM). In both cases, ITs are used to control the inference of selected parameters (respectively the
dynamics parameters and mixture component means), with SMC and importance sampling used as
the base inference algorithms respectively. Comparisons to using the base inference algorithms in
isolation, measured in terms of the ML estimate, are given in Figures 2(a) and 2(b), which demonstrate
noticeable improvements. For the chaos problem, we further see improvements compared to using
1000 times more particles (with the number of iterations reduced respectively). Our third model is
a “known f” problem where we estimate a tail integral in a network model. Here ITs control all
the parameters and we see improvements in the mean squared error over using the base inference
algorithm (SMC) in isolation, including again the case where we use more particles per sweep.
Though substantial improvements are observed for the GMM, it is still noticeable that the ML
estimates are far from perfect. Closer inspection shows that ITs have not always managed to “find”
the largest mode. We believe the reason for this stems from the fact that although SMC and importance
sampling provide unbiased ML estimates, it is typically far more probable they will underestimate
the ML than overestimate it. Consequently, naïve uncertainty estimates usually fail to capture the
probability that a region makes a significant contribution to the overall expectation and therefore
regions can be missed by the traversal strategy. Work is ongoing to develop more robust uncertainty
estimates using extreme value theory and to share information between nodes that are close in the
target space but are in different branches of the tree in order to help identify missing regions.
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