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= \We devise a sparse GP method for inference, learning, and
maintaining a representation in the sequential data setting.

= Key to our method Is the use of what we call the dual parameters,
which allow for easy assimilation of new data, a data-focused
learning objective, and the derivation of a new score for picking
Important points.

= \We show that our method can perform well on various sequential
tasks that involve a sparse GP, such as streaming, building batches
iIn Bayesian optimization/active learning, and continual learning.

Dual Form of the SVGP Solution

The approximate posterior process qu(f;) can be expressed as follows:
" g T1r—1
LI = KK, o,
Varqu(f(.)):ﬁ: = Rj; — k;- {Kz_zl — (KZZ + Bu)_l]kzi.
The dual parameters are o, and B, which can be derived as
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Sequential Inference and Learning

In the sequential setting, we no longer have access to previous data Dyq
once we receive new data D,.,. In the dual parameter form, updating our
variational parameters becomes

oy =al9+a’™ and B, = B2+ B

To find ay®™ and B, we run an adjusted natural gradient algorithm de-
tailed in [?]. The dual parameters can be viewed as a compact representa-
fion of the data, meaning our posterior approximation can be decomposed

as follows: o
g(u) x pg(u)N(u|y,3),

where y = K,,Bua, and 3 = K,, B-'K,,.

Using this formulation, we can derive the dual-based sequential ELBO for
hyperparameters, which crucially includes a memory term:
Log=logZ(0)+ > Eyellogpyil fi)] — By gellogN(u |y, 3)]
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The memory term lets us trade off compute against how close the sequen-
fial solution will be to the offline batch solution.

International Conference on Machine Learning (ICML), Hawalili, 2023

Paul Chang Prakhar Verma

for Sequential Learning

Ti1John Arno Solin

Magnetometer

After path 1

After path 2

After path 3 After path 4

Experiment #1: Sequential estimation of magnetic field anomalies in a fixed-size domain
with multiple observation paths
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Experiment #2: Maintaining representation in a sequential setting in an ever-expanding domain

Figure 1: Sequential estimation of anomalies by the proposed method in the local ambient magnetic field
strength (10uT 90uT) as mapped by a small wheeled robot. Two experiments for learning the hyperpa-
rameters and representation: (@) Complete trajectories are received and the model does not have access
to the previous trajectories. (b) Data is received during the exploration of the space requiring the method
to spread out a fixed number of inducing points.
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Figure 2: Bayesian optimization on a lunar landing setup. The goal is to successfully land on the surface
between the flags. Compared against the non-batch solution and a batch solution using parallel Kriging,
the proposed approach achieves higher reward in less function evaluations.
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Representation: Memory Selection and Z

The selection of memory and the placement of the inducing points Z de-
fine the representation of the data. We need a memory that reflects previ-
ous data for learning 8 and inducing points that provide support through-
out Doid U Dhew.

For memory selection, we derive a new score called the Bayesian leverage

score (BLS), B

h= =a [AWAT + K,,) 7| a;,
where A is the projection matrix whose rows are a; = k, K., and
W = diag([—V7logp(yi| fi)]). The BLS generalises the ridge leverage
score which only applies to Gaussian likelihoods, where W = diag([-]).

= The BLS can be seen as example difficulty and we sample memory
points proportional to the BLS score.

= For selection of Z, we use a sequential pivoted Cholesky algorithm
which returns M points from the kernel evaluated on [Zgq, Xyew.

Experiments

Real world robot estimation of magnetic field

= \We consider the task of online mapping of local anomalies in the
ambient magnetic field.

" We assign a GP prior GP(0, 03 + )42 (x, x')) to the magnetic field
strength over the space under the bresence of Gaussian measurement
noise.

Building batches in Bayesian optimization / Active learning

= The lunar lander problem is a challenging optimization problem due to
environment stochasticity.

= Qur method supports an acquisition function that is a product of the
Expected Improvement of the regression model and the predictive
mean of the classification model. In both the models, we make a batch
of fantasy points.

Continual learning split-MNIST

= The BLS score helps maintain a compact and efficient representation
by ranking data examples.

= Our method handles non-stationary sequential tasks such as
split-MNIST by combining representation learning with a
better-conditioned learning objective and efficient variational updates.
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