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v" Stochastic Programming (SP)

The probability distribution of random parameters is known (inferred from the historical data). Objective is to
find a decision x that minimizes a functional of the expected cost.

min EP [h(x) 5)]
XEY

X -- Decision variables

X -- Convex set of feasible solutions

¢ -- Uncertain parameter follows a certain distribution P

h(x,&) -- Objective function in x that depends on parameters ¢

Classical assumptions in stochastic programming:
» The probability distribution of the random parameter vector is independent of decisions

« The "true" probability distribution of the random parameter vector is known relaxing it requires addressing
distributional uncertainty.
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v" Robust Optimization (RO)

The probability distribution of random parameter is unknown, but its fluctuation range is known. Objective is to
find a decision x that minimizes the worst-case expected cost over an uncertainty set.

Jrcrél)(n rgleag h(x, &)

-- Decision variables
-- Uncertain Parameter

X
3
X -- Convex set of feasible solutions
U -- Uncertain set

h(x, &) -- Objective function in x that depends on parameters ¢

First find a decision x that minimizes the cost.

Then a parameter ¢ which leads to the maximum cost (worst case for given decision)



Introduction: DRO

v" Distributionally Robust Optimization (DRO)

* In practice, the random parameters are uncertain.
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« Although the exact distribution of the random variables may not be known, people usually know partial

statistic information via certain observed samples.

9rcréi)(n Ep[h(x,¢)] mmmp

min max Ep[h(x, &)]

XEY PeP

P is an uncertain set of probability distributions constructed from the samples.

Objective is to find a decision x that minimizes the
worst-case expected cost over an ambiguity set.

Choose an intermediate approach |to obtain a robust form of distributed optimization problem (DRO):
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v' Key question: How to build ambiguity sets (uncertain sets)?

The probability distribution quantifying the model parameter uncertainty is known ambiguously.
When choosing ambiguity sets, we need to consider the following:

'V VYV VYY)

Rich enough to contain the true data-generating distribution with high confidence. A
Small enough to exclude pathological distributions.

Tractability

Practical (Statistical) Meanings

Performance (the potential loss comparing to the benchmark cases) )

The form of ambiguity sets can be used to classify the distributionally robust optimization problems.

Moment-based ambiguity sets: P = {&:E[§] < u,E[§T¢] <3, ..}

Discrepancy-based ambiguity sets: P = {P:d(Py, P) < p}
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[1 [

« In many situations, we have an empirical estimate of the underlying probability distributions.
« A natural way to hedge against the distributional ambiguity is to consider a neighborhood of the

empirical probability distribution

D [

Ambiguity sets based on probability distance:

P ={P:d(Py,P) < &}

Py -- Empirical probability
3 -- Radius

d(Py, P) -- Metric of the similarity of two distributions

By selecting a suitable metric, certain infinite-dimensional convex DRO problems can be

transformed into finite-dimensional convex optimization problems

Is there a metric that is simple to calculate and
suitable for discrete / continuous distributions?

=)

Wasserstein
distance
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Discrepancy-based DRO

used to measure the distance between two distributions.

Definition:

dw(Py, P) = inf  Egyy~y [llx —yll]
Y~I1(P1,P2) o)~y

[1(P;, Py): the set of all possible joint distributions of P; and P;.
(x,y)~y: samples under joint distribution y
lx — y||: sample distance

Exy)~yLllx — yll]: expectation of distance for sample x and y under joint distribution y

Wasserstein distance of P, and P,: the lower bound of this expectation.

10
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Discrepancy-based DRO

Y

IP*:transportation'"~-.,...::-.,.,f_'_:-'...., |
plan ///X

(empirical dist.)

[1(Py4, P,): transportation plan
lx — y||: distance the soil moves

Y (x,y): amount of moving soil from x to y
Move mass P; into the shape and position of P,.

E(xy)~y[llx = yll]: bulldozing cost

Bulldozing cost : amount of moving soil multiplied by the distance the soil moves.

Wasserstein distance: the smallest bulldozing cost from P; to P,. 11
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Wasserstein distance-based ambiguity set:

B:(Py) = {Q:dw (P, Q) < €}

« The ambiguity set Q can be viewed as a \Wasserstein ball which contains all probability
distributions whose Wasserstein distance to the empirical distribution Py is less than «.

« Q will cover the true distribution with a higher probability with a larger value of «¢.
« There exists a trade-off between the accuracy and the complexity

« ltis important to well design the value of ¢

12
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How to calculate £ of ambiguity set
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fix)
“

Light-tailed distribution assumption: Distribution [P is call light-tailed i |\ Exponential

a > 1 such that

EP [exp(l6])] = [ exp(ligl*) P(g) < ox.

"Heavy Tailed"

j—

This assumption requires the tail of the distribution to decay at an exponential rate. The assumption
guarantees that the ambiguity set can cover most of the possible distributions.

Radius selection: With this assumption, suppose that Py is the empirical distribution, m is related
to the dimension and cost parameter, for m # 2 and ¢4, c, > 0, under a confidence level of 1 — 3,

we have

en(B) :

X

L

log(clb’_l)) 1/max{m,2} N> log(c18~1)
CQN — Co p)

- 1/(1 -1
log(ci8™1) . log(e1877)
c2N ) lf®\< c2 '

Number of samples 13
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Discrepancy-based DRO

L1 [1 D

With Wasserstein ball, the DRO problem can be rewritten as

j Ep[h(x,
min max_ plh(x,$)]

Assumption:
 The uncertainty set is convex and closed
* h(x,¢) is convex with respect to ¢

Challenges to Compute Wasserstein Distances:

Computing the Wasserstein distance between two distributions Py and Py is NP-hard if one of them
is continuous since the dimension will be infinite.

Solution:

Rewrite the problem into a finite-dimensional convex program by leveraging tools from robust

optimizations
14
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How to transform an infinite-dimensional optimization problem into a finite-
dimensional convex program:

max_ Ep[h(x,&)] = <

PEB,(Py)

Convex reduction

A

sup [ h(x,§)P(d$)
IL,P

J2 1§ = &'lIM(dE, dE") < €

1
sup — Iiv=1f3 h(x,&)P; (d€)
P;eM(E)

s.t.

\

%leV:l fz ”f — é\l”Pl(df) <E&

s. L.
\

IT is a joint distribution of & and & with marginals distribution P and Py of & given & = §; ,and
conditional P; of &. N is number of samples. Due to the law of total probability, we have

1 N
M= Nz 8¢ ®P,
=1
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Using a standard duality argument, we obtain

max__Ep[h(x,<)]

PEB.(Py)
Maxi L — f— h P; (dé)+A(e — — || P;(d
Marimum miinais =, sup o ZJ (e P () i Zf ¢ - &Py
minimum maxima
—(Sinf sup_Ae+ 3T [ (Ao ) —4]l€ - &P (d8)
420 p,e M (E)

@nf/1£+ —yN 1sup(h(x ) — /1“5 Stl”)

The uncertainty set
contains all distributions

16
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Introducing epigraphical auxiliary variables s;, i < N:

max_ Ep|[h(x, &)]

PEB:(PN)
( N
1
inf Ae+— ) s;
).,Si N
_ i=1
s.t. sup(h(x,&) —AllE—&l) <s;, Vi<N
EEE
L A=0

As such, the problem is transformed into a finite convex program and can be solved by existing
convex optimization techniques.

17
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L1 C

For the case of quadratic loss (possibly nhon-convex and non-concave), we still can derive its exact
form.

Assume that x(&) = £§TQ¢& + 2q7 ¢ is a (possibly indefinite) quadratic loss function. Then the worst-
case risk coincides with the optimal value of a tractable semidefinite program (SDP), that is,

E —
pemiax_ plh(x,$)]

( 1
inf )/82 + — IiV:1 Si
V,Si N

< ( Yy —Q Q+V€i)
s.t. >0
\

T
q" +v& s+ &S

18
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oD Internet Space-Air-Ground Integrated Networks:
Dot | g « |oT devices: request services
~ « UAV: collect data from loT devices
« Determine to offload to a nearby BS or
// offload to a certain satellite and utilize the
UAV /;/:’_“\\\\ cloud server
// 7“/ 1 | ‘ \\ « Determine the proportion of tasks to
L\ 8 ) " & P B . offload, and the others will be done by
, &~ @ (elga the UAV
| ! « The task request received by the UAV is
é&“ uncertain
—z——UAV to BS link L UAYV to satellite link

Yali Chen, Bo Al, Yong Niu, Hongliang Zhang, and Zhu Han, “Energy-Constrained Computation
Offloading in Space-Air-Ground Integrated Networks using Distributionally Robust Optimization,”
IEEE Transactions on Vehicular Technology (Volume: 70, Issue: 11, Nov. 2021) 19
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Objective: minimize the expected total latency of T time slots under the worst-case distribution realization in
uncertainty set D

minmax Ep[y(X, Y, k)]

s.t.

(a) Tyt € {0,1}, Tst € {O, 1}, Vb, S,t

N M
(b) bet - szt =1, Vt
b=1

s=1

N M the sum of tasks processed by UAV, all BSs,
(©) Yur (&) + Yyt (&) + Y yst(€r) = &, Ytk and all LEO satellites equals to the amount of

b=1 s=1 tasks arrived

(d) Yur (Sk), Yoe (&k), yst (k) 2 0, Vb, 5,8, K ensure the tasks assigned
(€) Yut(§k) < Cu, Yot (§k) < CoTot, Yst (§k) < Cswst, Vb, s,t,k - cannot exceed its capacity

T N M
(f) »(X,Y, &)= max ( } D Lupe+ Y Luse ,~ total system latency
t=1 “ b=1 s=1

N T M T
(9) EI" +> > EBun + Y > Eust < Epaa, Yk ‘ energy constraint

b=1 t=1 s=1 t=1 20
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Algorithm 1 Distributionally Robust Latency Optimization The same as Wasserstein metric
Algorithm e
Input: Sample space (2, reference distribution F, based on a vsiggess Greedy-Kantorovich metric
series of historical data 10 | _3. (D;:::;\I-li.lll.il‘::-;le;..i..istic ~
Output: X,Y | ' .
1: Solve the optimization problem (28) by the Gurobi Opti-
mizer to obtain P = {py, p2, ....PK }:
2: Solve the optimization problem (26) by the Gurobi Opti-
mizer to get continuous X and Y;
3: repeat
4: Select the branch variable x* according to the rule S~o o
shown in (34); 70 --V"-‘v--_,v____,g’
5: Add x < 0 as a constraint to the problem (26) and solve
it to obtain the optimal result LatO; 60" : : : :
: 50 100 150 200 250 300
6: Add x > 1 as a constraint to the problem (26) and solve Size of historical data K’
it to obtain the optimal result Latl;
7: if LatO < Latl then
8: Update problem (26) by adding a constraint z < 0; For deterministic scheme, many tasks cannot
9: else be processed and retransmission is required,

10.  Update problem (26) by addi traint = > 1; . .
0 Jbdate problem (20) by adding @ constraint & = leading to a higher latency

12: until all elements in X are integers. 21

.
.
......
.
-

00 | -v .............. v

System latency (s)
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VaR& CVaR Representation

o [T | | | | | L LT T T ITA 1NN
. TR C JIECT C | [ [T ]
] HINRININ 14.0% -
5% of | 95% of

3 12.0% - scenarios : scenarios

==

£ |
Risk functions: graphical § 10.0% 7 :
representation of VaR, VaR Deviation, | & . . |
CVaR, CVaR Deviation, Max Loss, § :
and Max Loss Deviation. S 60% |

- |

E a0% - |

< [

2.0%

] 0.0% ;L
return of scenarios < 5% VaR
5% CVaR :Z f & 12.0% 9.0% -6.0% -3.0% 0.0% 3.0% 6.0% 9.0% 12.0% 15.0% 18.0%

number of scenarios < 5% VaR Return of scenarios 23
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VaR & CVaR

Let X be a random variable, with the X may have meaning of loss or gain.

Fx(z)=P{X <z}
VaR Definition A lower a-percentile of the random variable X.

VaR,(X)=min{z | Fx(2) > a}

VaR ,(X) is nonconvex and discontinuous function of the confidence level a for discrete distributions.

Difficult to control/optimize for non-normal distributions: VaR has many extremums for discrete distributions.

24
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DRO and Risk Aversion

VaR& CVaR

CVaR Definition

The CVaR of X with confidence level a € [0, 1] is the mean of the generalized a-tail distribution:

CVaR,(X) = j zdF%(z)

—n

where the distribution in question is the one with distribution function defined by

0 when z <VaR (X))
Fy(2)=1F.(2)-«

|

when z > VaR (X))

For random variables with continuous distribution functions, CVaR, (X) equals the conditional expectation of
X subjectto Z > VaR, (X).

CVaR is continuous with respect to a. CVaR is convex in X
25
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Main focus: Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) [Rockafellar and Uryasev, 2000].

if VAR(75) = 3% if CVAR(75) = 4.5%

= 100 - =100 -

% chance to lose 3% In the worst Your average
or more on a given day % of returns loss will be 4.5%

« If more than lost 3% happens with 5%, but we still do not know average lost.

« CVAR describes the average lost conditioned on VaR happens.
26
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Equivalence of Chance Constraints and VaR Constraints

In portfolio management, often it is required that portfolio loss at a certain future time is, with high reliability, at
most equal to a certain value.

Let f(x,y) be the loss associated with the decision vector x and the random vector y.

Prob{f;(x,y)}<0}=p; ,i=1,..,m.

Let VaR, (x) be the VaR, of a loss function f(x, y)
VaR, [ x[]0min| £ :Probl|f [k, y[< ([ > al

Then the following holds:

Prob{f(x,y) < {} = «a d Prob{f(x,y) >{}<1-a«a ) VaR,(x) < ¢

In general, VaR, (x) is nonconvex w.r.t. x, (e.g., discrete distributions)
27
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Minimization and CVaR Constraints

The underlying probability distribution of y will be assumed for convenience to have density p(y). The a-CVaR
of the loss associated with a decision x is the value

C’VaRDcDD; Sk, ylplyldy

1 — o ¥/ xzvar(x)

The main idea is to define a function that can be used in connection with VaR and CVaR

Fxgen——[ [fixyi-¢] plvlay

‘ F,(x,0) ={+ 1 iaE{[f(x,y) — {7},  where [f]7 = max{0,¢}.

1. F.(x.,C) is convex with respect to a;
2. VaR.(z) is a minimum point of functionFo (=, <) w.rt. ¢ ;
3. Asafunctionof £ € R F,(x,C) is finite and convex (hence continuous), :

28
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DRO and Risk Aversion

Chance constrained programs

It is known that distributionally robust chance constraints can be conservatively approximated
by Worst-Case Conditional Value-at-Risk (CVaR) constraints.

minimize| ¢'x 4 x is the decision vector and ¢
xeRn is a cost vector
fs‘uhjcct lolPr (a,-(‘g‘)Tx <bi(€) Vi=1,..., m) >1—€
P i B2 e el ey x €&, i The chance  constraint
distribution requires a set of m
5 J 5 S uncertainty-affected
aj(§) =a) + > alt; and bi(§) =b) + D blE;. inequalites to be jointly
» _ =t J=1 satisfied with a probability of
viey=@)H'x—-b/, i=1,....n, j=0,...,k atleast 1 — e.

» Pr (,v,-o(x) +yi(x)TE<0 Vi= l,....m) >1—¢

29



DRO and Risk Aversion HOUSTON

CULLEN COLLEGE of ENGINEERING

Distributionally robust approach

A natural way to immunize the chance constraint against uncertainty in the probability distribution is
to adopt the following ambiguous or distributionally robust chance constraint.

minimize ¢! x

xeRn

P € P denotes the distribution P belongs to an uncertainty set P with certain known structural
properties.

Distributionally robust chance constraint means the worst case satisfies the probability at least 1 —
€ in the presence of channel uncertainties.

For m = 1, the feasible set is denoted by

XCC_dxeR" : infP (yo(x) +y(x)TE < 0) > 11— e]
PeP

30
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CVaR chance constraints

The CVaR at ¢ level with respectto P is defined as

e 1 - N
P-CVaR, (L(£)) = inf [ B+ _Ep ((L(é) —B) )I

CVaR essentially evaluates the conditional expectation of loss above the (1 —¢)-quantile of the loss distribution.

It can be shown that CVaR represents a convex functional of the random variable £ (&)

PeP

minimize ch
xekn

fs‘ubjcct to Pr (ai(g)T.r < />,-(.§) Vi =1

.“ E ('t’.

.....

m) > 1 —€

=)

sup P-CVaR, (_\'O(x)—l—y(x)TE) <0 = E%QJ}:?P (.\‘O(x) + y(x)TESO) >]1 —e.

minimize ch
xeRn

subject to  sup P-CVaR,
PeP

(,\‘O(x) +y(x)TE ) <0

UNIVERSITY of

HOUSTON

CULLEN COLLEGE of ENGINEERING
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Age of Information Minimization in Healthcare loT Using
Distributionally Robust Optimization [2]

Application 2: Age of Information

How can | deal with channel state information (CSI) errors in
Healthcare loT system ?

L The retransmission scheme is

e oo e gy
soring s e oo | NG % e e

2 Moo sttclchomrol ot N T e e el
;npapsllic?ac’ziorr?sap(;rfec(?ly.ea e ;Josrei?]f:(;i{stt"i?nn:;nit the same updates

A key open problem is to consider the case of imperfect CSI and investigate
how CSI error effects may be mitigated through quantitative designs.

[2] Z. Ling, F. Hu, H. Zhang and Z. Han, "Age of Information Minimization in Healthcare loT Using Distributionally Robust Optimization," IEEE Internet of Things 32
Journal, to be appeared.
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SySte m m Od e I Downlink:;;:;fy/Cnrrier —

Uplink Information Flow -

Body Information Sensing

As shown in this picture, we consider
a single-hop cellular loT to support

Small cell

healthcare loT applications: """‘g" Base Station
e o o N PR i e L R |
1. the wearable loT devices harvest Device M |
. g Data Sensing e Em—
wireless RF energy from a -

i
I :
i i
| |
i i
i |
I T |
i i
| |
' |
|
Harvested | Energy Harvester —» MCU ||
Power : | :
, | !
. ' :
| I
i [
| |
i
[

dedicated power cell BS

2. the wearable loT devices send
their sensing physiological
information signals to a
separate information receiving cell
BS.

[ ransmission
Communication
Information o f—————

Circuit

Wearable loT Device
Structure

33
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Age of Information= Time — Timestamp

Sensor Destination

Measure the "age of information” that destination know about a source node.

Potential application: UAV, Uplink, Down link system in wireless
communication loT network, etc.

Evolutions of Aol function. 34
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N min sup A; (1)
(). pi(8). i) e i () e PeP -
My, My, 81.532 ’

4

B + ———Tr(2,M;) <0,

i)
LA 'Im.xx

M, € §2, 5 € R,
< [l
a 0 ‘ CVaR constraint.
S.t. M, = 0, M, — - 0.
L 0 Eci—

By + —2—Tr(2,M,) < 0,

i “‘)nl.lx

M, € §% 3, € R,

Q 0 ] o ‘ CVaR constraint.

hr"Iz # 0 hlz -

o ‘
0 fminT 4 — 32

\

0 < a; (t) < (ax ‘

0 < pi(t) < P Power constraint
0<%(t) <1, Outage probability constraint for energy harvesting.
0<m(t)<1, Outage probability constraint for transmission

V(Ah,r A_q,) ~PeP,

vie{1,2,... .M}, vte {1.2,... . K}, 35




Application 2: CVAR Algorithm HOUSTON

To get the optimal average Aol, we propose a low-complexity upper bound of Aol minimization (UBAM)
algorithm in an iterative manner to address the distributionally robust optimization problem.

Algorithm 1 UBAM Algorithm
Input: Initialize !, p!®t, 71% ~4%  the terminated threshold © = 10~*, and j = 0.

I: repeat

2: j=73+1L

w

Solve the power allocation subproblem for given 4} and 71/}, to obtian the feasible
solution as a7t and pl+1},
4. Solve the outage probability subproblem for given a/*'} and pU*'}, to obtian the

optimal solution as v+ and 7U+1},

+l} _ sup A, (1)“ } | satisfies termination criterion ©.
PecP

6: returnuz;{f“}, ali=1 U=t and 701,

h

. until |sup A; (1)
PP

Output: The optimal solution «*, p*, &%, and 7. a6
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4 T T T T T T T 1.2 N T T T T T T T
el CV aR based method,L=1
CVaR based method,L=1 D === non-robust method,L=1
35k —#— CVaR based method, =2 .o 1r ==@==(CVaR based method,L=2 |
B==CVaR based method,1=3 o ==&==non-robust method,L.=2
— = non-robust method.L=1 S 4
é —¢— non-robust method.L=2 '{D
% 3 |=6e—non-robust method,L=3 g 0.84 .
] 25 N ;: 06 o o i
3 2= 2 c
5 2r © 04 S _
'E ¥= g 2\=
> : L
< -\
=l / 021 I A
‘- —A—
1 ] | ] 1 ] ] | 0 | | 1 1 | 1 |
1 15 2 25 3 3.5 4 45 5 1 1.5 2 2.5 3 3.5 4 45 5
The number of devices M The number of devices M

The energy harvesting and information transmission successful opportunities for each link become lower with
more wearable loT devices. In this sense, we find an Aol-energy tradeoff in the healthcare loT system.

37
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»Previous works considering robustness in Reinforcement Learning
« Mainly focus on uncertain environment for searching strategies to achieve best performance

v Robust reinforcement learning
B Guard against common systematic perturbation situations

v"Robust Adversarial Reinforcement Learning
B Conquer rare, catastrophic events

»DRO RL

* Not only consider uncertainty in environment
 Limited collected samples when training

— Affect how to transit to new state based on current state and action
v’ Estimation error in Policy Iteration ~
y Ti+1 € G(V2)

Vig1 =TTV, ‘|‘ Estimation error

« Concentrate on learning process for agent itself
v Conservative policy in unknown environment

v Optimistic policy in familiar environment 39
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» Uncertainty set:
Ue(r) == {7)€ AS | Dxr(7(-|s)||7(-]5)) < e(s), Vs € S}

Considered possible policies Best policy
» Adversarial Bellman operator:
« Evaluate with an adversarial policy V.= mmn TV e

FeU, () T

» Rewrite the maximum problem by worse case
[TWEV](S) = max min [T7V](s)
As)>07TeA(A) ( \
+ A(8) DrL(7(+|s)[|7(+]s)) — A(s)e(s) T €
= min max [—T7"V](s) I —
)\(s)>07reA~(.A) _ _ (] . (]
— A(8) Dgr(7(-[s)[|7w([s)) + A(s)e(s) a, ap; das a, ap; das

‘ 7r6(a|3; )‘) x eXp( QV(S a)/)\(s))w(a|s) adversarial policy Re-weight policy action probabilities opposite
AN (s) :=argmin Q" (—Qv /A(s)) + A(s)e(s) Adversarial to Q-values )

A(s)>0 temperature

» Distributionally robust modified policy iteration (MPI)
+ Policy improvement: 7, .\« G(V})

~ €t ~

* Policy evaluation: Viiy < (T™k)my, 40
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» Rewritten of Bellman operator for value function

« [T™V](s) = Eq-n(s) [tho V1el so = s, T[]

= Ea~7r(-|s) [T(S, a)+y Esf~p(5’|5, a) [V(S’)]} |QV(S; a)l
=< 7(-|s),Qy(s,a) > ... inner product of the policy and Q-function

» Regqularized Bellman optimality operator

« [T™?V](s) :=T™ — Q(m) is a Fenchel dual function and can be seen as the normal value
function minus the baseline. t

« Setof optimal policies

1 GY(V) = = {7 : 7™ € arg max TV = VO (Qv )}
el
1S Lengendre-Fenchel duality (Conjugate function) gSoft distributionally robust modified policy\

Q(r(-|s)) = aH(n(-|s)) Vs €S
» Distributionally robust soft actor-critic

. Gradient form: [V2 ¥ V](Qy) = argmax(< m, Qy > —2(1)) L (@ (]s)) = 2% =Drr(r(-1s)llu(-ls))
\_ TEAA a1

. Fenchel dual : [2*V](Qy) = max (< m, Qy > —Q(m)
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» Soft distributionally robust modified policy
 Policy improvement: 741 < QQ(V})
* Policy evaluation: ‘}i+1 (_ (ijil,ﬂ)m‘}%

» Soft adversarial Bellman operator

€

T O(r(|s)) = aH(x(]s)) Vs € S
Tﬂ V= ﬁenl/l{tl(lﬂ')Tw,_‘ entropy form Egr(s)log[m(als)]

* Here, we take entropy form into consideration to obtain robustness guarantees on exploration
process.

» Adversarial entropy-regularized policy
m(als; o, A) ocexp((1/a = 1/A(s))Qv (s, a))

» Recall the adversarial policy 7¢(a|s; \) oc exp(—Qy (s,a)/A(s))

m(als)
_1_
oc exp(Qv (s, a)/a)

Regularized policy
42
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» Apply this distributional robust MPI to the continuous control problem.

» The formulation is intractable and we get the approximate formula as follows:

* Regularized Bellman operator can be written in terms of Fenchel conjugate

T 1(s) = O Qv (s, - « Regularization parameter
[ ]( ) ( ( | )) QA(W('|5)) = AQ(7(-]s)) Prior policy
- Fenchel conjugate =X ( —Dxr(#(]s)llp(-15)))

Q’;\(QV (s.+)) = Alog ]anu(.ls) exp(Qvy (s. a)/)\) Logarithm of moment-generating function
Taylor expansion g _R 1

a~p [QV(S, (l,’)] + %V&I‘QNM(QV(S. a))+ O <—>

)\2
1 |
~ Qv(s,a)+ Q—AVQI'aNu(QV(S- a))
Potential-based g E

oward shaping =By (0,0 125, @, 5') + AV ()

reward shaping

> When it come to the implementation, it's quite simple.m®) Just change the reward
« encourage the agent to visit states with smaller variance 43
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» In this continuous control case: the distribution of the policy is Normal distribution.
« parametrized Gaussian policies

779((1‘.57) — N(Hé)(s)s Zg(s))

« Approximation the variance of Q-values by using the 1st order Taylor approximation of Q-values

around the mean action
1st order Taylor approximation of

Varaw,,re(Q(s_ a)) >~ gols )TZO( )go(s)  Qvalues around the mean action

~
Independent actions gol(s) =V Q(S.a)|a_u9 (s)

Yo(s) = diag(o16(s),..., oK.0(s))

= HJO Hdzag (01.6(8),...,0K.6(8))
« Combined with the soft-actor critic algorithm

—

m* —argmaszm ayers 0 (r(stae) HEH((s)]  H(w(|se)) = —logm(.]se).

t=0

/

Importance: entropy V.S. reward

44

Haarnoja, T., Zhou, A., Abbeel, P., and Levine, S. Soft actor-critic: Off-policy maximum entropy deep reinforcement learning with a stochastic actor. arXiv preprint arXiv:1801.01290, 2018a.
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Well 2

GR, API

Gamma-Ray Signal Localization Task

Depth,
m, KB 0 150 |

Many 1D signals containing the same signal pattern are 30 B ; 1so §
collected by the well-logging process and sent to human-expert "
to do hand-picking for oil&gas localization.

Traditional methods

 The human experts pick the patterns associated with
interested rock based on one reference signal:

450

* Recognize the pattern with domain prior knowledges.

* Roughly matching with correlation matching methods.

=: "'] Sandstone

Silt- and claystone

Yuan Zi, Lel Fan, Jiefu Chen, and Zhu Han, “Active Gamma-ray Log Pattern Localization with Distributional
Robust Reinforcement Learning,” submitted to IEEE Transactions on Neural Networks and Learning Systems. 45
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Reinforcement Learning Signal Localization Scheme

é % RA| [N @ Sequence of attended regions to localize the object States
---------------- KN| [AR
41 ground truth
34 1 observation
. '*\ (XX
2 States ﬂh |
1-
0-
0 2000 4000 6000 8000
T4 [ target
% 3 ’ Actions Jk| eee
32
51 | | | |
i, Steps | | | |
0 2000 4000 6000 8000 step 1 (Y X ) step i stepi+1 000 step n
Depth
* Thoroughly studied log with interested signal * Initial the. whole new log trace as the agent's
fragment as reference/target. observation.
* In the new log, there is a signal fragment that ) Let.the agent move (left, right, expand,
has the same pattern as the reference shrink) to search the reference pattern.
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 Motivation

« DRO accounts for the fact that one is never able to exactly specify a probability
distribution in practice.
* Due to the finite experience sample, the distribution of the real experience is hard to get.
 DRO Optimization
« The Wasserstein distributionally robust problems can often be reformulated as (or
tightly approximated by) finite convex programs within a certain \Wasserstein distance
from the empirical distribution constructed from training samples.

« CVAR
 Distributionally robust chance constraints can be conservatively approximated by worst-
case CVaR constraints.

« DRORL
* The risk-averse exploration in approximate RL setting is required and we can
use the distributionally robust modified policy iteration scheme that implements
safety in policy evaluation step w.r.t. estimation errors to avoid.
« Implement DRO to the Reinforcement Learning is just add one safe regularizer
to encourage agent visit the state with smaller variance. 47
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Conditional value-at-risk in optimization

In problems of optimization under uncertainty, CVaR can be used in the objective or the constraints,
or both.

Optimization shortcut

min CVaR, (x) = mip Fr(x. $)

(x*, ") € argmin F,(x, {) “ x eargmin CVaR(x) { € argminF,(x", ()
el

(x,0)eX xR xeX

CVaR accounts for losses exceeding VaR. So when CVaR is considering, VaR can be ignored

50



