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» Background

*» Computational models of many real-world applications involve
optimizing non-convex objective functions.

*+ Being able to quantify solution uncertainty (UQ) provides
calibration of the solution quality and usefulness.

¢ Inconspicuous attention was paid to the uncertainty arising from
the optimizer (why).

** Question: What defines the optimizer uncertainty? How to enable
optimizer UQ during optimization?

» Technical Approaches

“* Notations. Decision variable x, objective f(x), gradient Vf (x;) at time t,
trajectories z; up to time t, ¢-parametrized optimizer g(z;; ¢).
*+ Optimization via iterative algorithms:
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** We characterize optimization uncertainty as:

Definition 1 (Optimizer Uncertainty) Let G be the algorithmic space, where each point g € G is
an optimizer (omitting ¢ parameterization). We assume that

1. g has a prior distribution p(qg);
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2. Its likelihood can be interpreted as p(z;|2;, . g) =
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*» Thus, posterior via Bayes theorem:

“* Prior works use hyper-parameters to parametrize classical optimizers, while
It covers a relatively restricted optimizer space.

** We leverage learning to optimize techniques (L20) [1,2] for
parametrization, which provides a more comprehensive space coverage.

“* We next develop end-to-end training pipeline with variational inference
(UA-L20), by optimizing:
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[1] Marcin Andrychowicz et al., “Learning to learn by gradient

» Experiments

+» We first evaluate on the test

function benchmarks of

Rastrigin, Ackley and Griewank

(Figure 3).

*+ Results echo our conjecture that, =
UA-L20 owns better uncertainty

awareness, and it could

sometimes improve optimization
performances.

Rastrigin

fdam

P=0
PSO_BO
== EAI
—rr— L','M_-L':'.IM
—8— UA-LZO

Adam_BOD 34

Ackley

e

:I'

Griewank

3 6 9 12 1% 18 21 24 27 320

0.02 1
0.0
—1.02 1

0.04 1
=0.0%6 1

3 &6 9 12 1% 18 21 24 27 30

0.0
—0.1 1
-0.2

=0.31

3 &6 9 12 15 18 21

24 27 30

J &6 989 12 1% 1& 21 24 20 30

0.05 1

0.001
=105

i &8 9 12 153 18 21 24 25 30

03

3 & 9 12 15 18 21 24 27 3J0

*» We next apply to an application
of data privacy attack, which
critically needs UQ (Table 1).

*» We observe UQ performance of
UA-L20 stands out against
competitors, although not as

dominant as it does to

competitors in test functions. The

superior optimization

performance could benefit from
its calibration (Figure 4).
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** We lastly examine using a

bioinformatics application of
protein docking (Figure 6).
Advantages on both UQ and
optimization are shown.,
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Figure 3: Optimization and uncertainty performance of different methods in three non-convex test functions.
Different column represents different functions, and each row stands for: (1) 1st row 1s for the non-intended
optimization performance, the lower the better; (11) 2nd & 3rd rows, the most important metric for the intended
uncertainty calibration, are for the precision of the estimated confidence, lower values indicating more accurate
posterior estimation. The corresponding confidence intervals are shown in Appendix E

Table 1: Optimization and uncertainty performance of different methods in genetic data privacy attack.

Method ""..“'.!{H — Xine |;,:: Cipa — |:]1]| |-|'|'J - []::"-l R o=
Adam (.39 0.90 (),80 0.08 0.06
Adam_B() ().3H ().9() (). 50 ({0 (05
Adam_Ir_Ensemble (.35 (.90 (.80 0.01  0.004
Adam_MNoisy_Gradient (.57 (.90 (0,50 0.01 001
P50 (.54 RN (.10 (.54 (). 34
PSO_BO .53 (.06 .15 048 042
BAL (.52 0.90) (), 80 0.0)] 000
DM_LSTM ().34 .0 077 .08 002
UA-L20 .30 0.25 0.27 006 0.04
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Figure 4: Optimization performance versus UQ results (eg. 9. €0.5, o0 and rg ) of UA-L20 for 318 test sam-
ples 1n data privacy attack.

Table 2 ﬂptlmj?dtlnn and umertmmy performance of BAL and UA-L20 in protein docking. Vel ]
Target PDB model  E|x* — x|z (A} E|x™ — xye |2 € [Ibgo.ubga]?  ubgg — Ibyg (A) o = .
(docking difficulty) BAL UA-L20) BAL UA-L2() BAL UA-L20 S
IAHW_3 (easy)  1.89 1.11 No Yes 220 079 o N N
1AKA_T (casy) 2.45 1.13 Yes Yes .93 [.11 050
ACPH_7 imedium) 389 3.11 N MO 1,70 .62
IHEB.3 (medium)  3.05 1.42 Yes Yes 2,24 1.32 o L .
[ IMO_4 I:_'I'JIHI'E.IJ][_:I 1.45 | .87 Mo Mo 2.9 (h.67 Figure 6: Estimated posterior distributions, confidence intervals and ground truth solutions for cases 1AK4_7,

3CPH.7 and 1HEE3 in protein docking.
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