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The Missing Delete Key

Do you have time for a meeting today?

I don't have time today

Which data is detrimental and how do we forget it to improve learning?
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Problem Setting

% The Model @ The Metric

Predictive uncertainty of a retained dataset S’ C
S over a target region A C X

7(8') = /,4 o3 (z) da

Gaussian process prior on X:

Noisy observations y; = f(azz) + €;, with a
Gamma prior on the noise variance:

e ~N(0,0,,), o2 (S) ~T(a,b)

Less data can mean less uncertainty.

/9 Objective: Choose &' C S to minimise J (S).
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Removing Data Points from GPs

How does the prediction change if we remove a data point?

Removal Direction:

Continuous removal direction of the data point under fixed noise level 0,,:

k(z,S,h;) = k(x,S) — hik(z, z;)e;, y(h;) =y — hiy;e;,

Representer theorem : f = Z?:l aik(-, a:z)

LOO 2 (h; — 1) - Unchanged a* for the retained data points.

1 Bernhard Scholkopf, Ralf Herbrich, and Alex J Smola. A generalized representer theorem. In International conference on computational learning theory, Springer, 2001.

2 Carl Edward Rasmussen and Christopher K. I. Williams. Gaussian Processes for Machine Learning. The MIT Press, 2005.
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Data Removal Revisited

Aleatoric Noise is typically considered as irreducible.

Model-Data mismatch is absorbed by this aleatoric noise as well.

We break with the classical irreducibility assumption of the aleatoric noise.

=> Trade off global aleatoric noise with local epistemic uncertainty.

.

Main idea: combine how

1. Epistemic noise changes with the removal (fixed o),

2. Aleatoric noise changes with the removal (fixed K).

0% (x) = k(z,z) — k.s (K + 0'120(8,).[)_1163/@ + 02 (8"),
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Trading Aleatoric Noise for Epistemic Uncertainty

Homoscedastic GP Forgetting to Improve
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Improved Calibration on Target Region A

Improved calibration in the target region A (top row).

Homoscedastic GP Forgetting to Improve Homoscedastic GP Forgetting to Improve
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But globally, we trade this off with an overconfident global prediction (bottom row).
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What is the Influence of a Sample?

( )

Reconsider our objective:

min () = [ K(o,0) ke (K + 03 () koo +04(S)da.
= A

\ J

How does a removal influence the predictive uncertainty in the target region A?

( )
Gradient of the Objective in Removal Direction: 8(?1- J(S(k)) . = u;(A) + v;(A). Composed
i ;=0
out of two terms:
u ui(A): Epistemic Influence of a Sample
» v;(A): Aleatoric Influence of a Sample
\\ J
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Epistemic Influence of a Sample

How does the epistemic uncertainty change if we remove a data point? (fixed o)

Epistemic Influence Measure:
For a test point x, we define with k, s = k(z,S), and A = K + 02/(S)I

’U,l(.’E) — 2ka:,xi (A_lkS,x)i — 2(A_1k8,m)i(ka:i,SA_lkS,a:)

. D
u; is the directional derivative of the LOO epistemic uncertainty in the direction km,xi.
0A;(z) 2 2 (A 'ksa);
Ui(2) = koo Ai(@) =05, (2) —os(z) = T
(9]43;3,;1;1. Ai,i
. J
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Aleatoric Uncertainty under Data Removal

How does the aleatoric noise change if we remove a data point?

MAP Type ll: the noise level is fit by maximizing the regularized data likelihood

01,(S) = argmax L(02,S) = log [ [ p(vi | 2:,03) + log p(a)-
u i=1

Aleatoric Uncertainty Derivative:
Implicitly differentiating the first-order optimality condition of E(afu, S), the optimal noise level changes

00,(S) _ —(A"'y)ilke,s(A°Y)) — (A y)ilko,s(A'Y)) + ko, s(A7°).i +3i(A%Y)s
Oh; —yT A3y + Ltr(A-2) — o] .

(03)?
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Aleatoric Influence of a Sample

How do all aleatoric noise terms change if we remove a data point? (fixed K)

Aleatoric Influence Measure:

We obtain for all test points & globally the same influence of removing a sample and keeping K fixed:

802(5)

’Uz(x) = (1 + kw,SA_sz,m)Wa

We observe that the aleatoric uncertainty appears in two places in the predictive uncertainty
o2(z) = k(z,z) — kp 5/ (K + 02 (S)I) ks » + 02,(S'), leading to the two terms.
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—orgetting to Improve: Combined Influence

7

¢ Both Influence Measures live in the same predictive uncertainty space.

‘ = ul(A) -+ v; (.A)

From previous definitions, we obtain that 9 j(S(k))
i hi=0

Algorithm 1 Forgetting to Improve

Require: Target region A, all samples S, and the GP model with kernel k. .. N
Initialize h = 0, and S(®) « S. Termination: V2 : u; +v; > 0

Compute influence measures u (%) (A), and v(0) (A)

while min(u" (A) +v("(A)) < 0 do
Determine worst sample: i = arg min; (ug»h) (A) + vj(.h) (A))
Update set of samples S"*1) < S\ z; and GP noise MAP

Increase h < h + 1 and compute influences: u(") (A), v(") (A) Greedy ¢ = arg min (u 4 )
end while A d

return S’ = S(vt1)
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It Works — Transductive Experiments

Rel. Performance Rel. Performance
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How do "global kernels" behave?

Peridic kernel (1D):  k(z, z') = exp(— sin*(

Homoscedastic GP

=

‘ “»”““‘g |4 l‘

o

m(z—x')\ /72
—— /%)

with lengthscale [, and periodicity p.

Forgetting to Improve
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Bayesian Optimization
Bayesian Optimization aims to solve

* JR—
z” = arg max f(z),

for an unknown objective function f, observed only through evaluations.

Classical BO pipeline: I Most acquisition-function

1. Fit a surrogate posterior (,ut, at), Lzory esslmes e sUTCEie

: _— . posterior is informative. If the
2. Choose the next query with an acquisition function at(w; U, at), _ o
surrogate Is poor, acquisition

3. Evaluate and update. decisions can systematically fail.

+ Instead of only designing better acquisition rules, we improve decision quality by improving posterior

<

predictions in the regions of interest (informative for optimum).
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Forgetful Bayesian Optimization

Bayesian Optimization as a sequential transductive learning problem.

We define in each iteration a target region of potential improvement:
k k—1
A,E ) {x; € X: ps® (x;) + /BtO'St(k) (x;) > Max fi s (Xm) — Brogm (xm)} N .Ai )
mm A\ J/

-~ -~

UCB(z;) LCB(zm)

¢ Note that we update the target region ,Aé ) during the removal, with the improved uncertainty
estimates. We update by intersecting with the previous target region Aik_l).

Very Important: Removing points inflates confidence bounds outside of AE ), so that in the next iteration,
we do not select points outside of the target region, due to the "traded" epistemic uncertainty.
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Forgetful BO — Algorithm

Algorithm 2 Forgetful BO

Require: Objective f, search space X, acquisition function «, initial dataset size n, budget T’
Initialize dataset Sp = {(z;, y;) }.2, withy; = f(x;)
Fit initial GP model (ps,(+), 0s,(-)) on Sy
Set 2" = argmaxy,es, ¥i, ¥* = Maxy,es, Yi
fort=1,...,T do

Optimize acquisition function: z; = arg maxzex o(z|(ps, (+), 05, (+))) ( )
Evaluate objective: y; = f(x¢) and update S; = S;—1 U {(x+, yt)} Simple Integration:
(%, y") « max((zr, yr), (7, y7) o
Initialize k = 0, S = &, and fit GP model Standard BO pipeline +
Determine Aﬁ“) and compute 'u,(o)(A,m)), z-“’)(Aﬁ”)) > Equation @) and propositions and@ Removal and adapting
while min(ul? (A{") + o™ (A4;)) < 0 do target region

Determine worst sample: i = arg111111',(11.(]-"')(,4,(“‘)) + 1*‘5"’)(“4,(‘,;“))) . J

Update S,(A'H) = S,(A') \ z; and refit GP noise MAP
Update k < k + 1, AEM, u(k) (,4&“), 1'“”(,45“) > Equation @) and propositions@ and@

end while .
SetS; = S
end for

return z*, y*
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Forgetful BO — Intuition
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Forgetful BO — Experiments

= Forgetful BO == Homoscedastic GP === Warped gp == Relevance pursuit
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Forgetful BO — Noisy Experiments

= Forgetful BO == Homoscedastic GP === Warped gp = Relevance pursuit

Simple Regret
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Forgetful BO — Acquisition Independent

= Forgetful BO == Homoscedastic GP === Warped gp = Relevance pursuit
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Forgetful BO is
acquisition independent
and can be combined
with different
acquisition functions
(e.g. Log Expected
Improvement)
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Forgetful BO — Transfer Learning

Continual transfer learning across different tasks. Leverage previous experience but forget detrimental points.
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Pushing the Limits with Forgetting

LQR - Optimal Control Model-Based Reinforcement Learning

Same Task, but
Different Model?

MBRL: Learn from trial and error

Linear Model solves task
sz'n(H) ~ @ for small 9. Observe nonlinear experiences

I RL requires a nonlinear model.

¢ Can we remove detrimental (nonlinear) data and learn with linear model in RL?
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Linear Model for MBRL

= Forgetful RL === GP-MBPO
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Reinforcement Learning Objective

I. What is the Target Region A for MBRL?

Reinforcement Learning Objective:

= MDP M = (X, A, P,7,7): states X, actions A, transition dynamics P, rewards r, discounting .

= Goal: find policy 7, to maximize rewards

R(m,) =E,

n

> A'r(=, at)] (1)

t=0

= Q" (x,a) = Er, 3570 y'r(@r, ar)|xo = 2,00 = a] and V™ (z) = Q™ (z, 7a ().
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Target Region for MBRL

What part of the state-action space do you want to model well?

( '
¢ State-action with potential improvement:
Ay ={(@i ) : Q" (@,0) > V™ (2) A Q™ (z,0) > min V™ (z,)},
N v m™~P0
actions with h N~ -
positive advantage states outside of p™

. J
( '

Action Filtering: All potentially improving actions State Filtering: All states that are not visited by

over the entire state space. the current or better policies.
. J
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What Samples do we Remove in MBRL?

Removing nonlinear data, which is detrimental to our linear model.

® Retained samples ® Removed samples CartPole Dynamics (F=0) [l Goal Linear regime (< 10% error)
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