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The General Model of an Online System

Across each timeslotr = 1,2,...7"

» The Learner takes action. x, € &

* The Env. reveals a cost signal.
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The Model of an Online System - RL

Across each timeslotr = 1,2,...7"

» The Learner takes action. x, € &

* The Env. reveals a cost signal.

flx,s): X = R

e The Env. transitions to some new

. is unknown to the learner before

committing to x..

- RL: A fixed dist. for each (x,, s,) pair:

ft(A’ ); /\ Forall [

For all [

f(@, W)



The Model of an Online System - RL

Q-learning (off-policy TD control) for estimating 7 ~ =,

Across each timeslotr = 1.2,...T:

Algorithm parameters: step size a € (0,1], small € > 0
Initialize Q(s,a), for all s € 8*,a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:

* The Learner takes action. e
L for h st f episode:
Xt — SZ. Oo(ghooosgaz ffofrlf g uein)nSgO p(:)licy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(5,4) « Q(S, 4) + a[R +ymax, Q(8',a) — Q(S, 4)
« The Env. reveals a cost signal. RN,
fx,s): X = |
For all [
 The Env. transitions to some (A M)
new state s,_ 4
For all [

/(@, —_—



Detour

But RL agents can already handle change?

- . ... * Early changes
On Designing Smart Agents for Service Provisioning Y J

in Blockchain-Powered Systems * Veryfew
« Still can experience performance loss

—e— DRL

B |  Requires discount rate tuning
—e— RLA 0.4-LSTM
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=
o
1

=
s
1

=
N
1

Rewards Unit
=
o

How about an adversarial change at every
time slot?

O
0
1

o
o

o
~

0 100 200 300 400 500 600 700 800 900 1000
Testing Episode #



The Model of an Online Stateless System

a.k.a “Bandits”

Across each time slott = 1,2,...T: . is unknown to the learner before

committing to x..
 The Learner takes action. x, € &

- Bandits (A fixed dist. for each (x,)):
* The Env. reveals a cost signal.

Jx) - X — | /\
For all

. The Env.-transitions tosomenew J{(A):
StateSry

For all [

1(@):



The Model of an Online Adversarial Stateless System
a.k.a “Adversarial Bandits”

Across each time slotf = 1,2,...7: - f.is unknown to the learner before

| committing to x..
 The Learner takes action. x, € &

- . can be any convex function that

* The Env. reveals a cost signal.

fx): X =1

changes every t.

e The Enviransitionsto-some-new
state-s




The Model of an Online Adversarial Stateless System with Full Feedback

a.k.a “Online Convex Optimization (OCO)” Framework

Across each time slotf = 1,2,...T:  f.is unknown to the learner before

 The Learner takes action. x, € & committing 10 x;.

* The Env. reveals a cost function. - [, can be any convex function that

J() X = changes every t.

 The Learner “suffers” action. f,(x,)
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The Model of an Online Adversarial Stateless System with Full Feedback

a.k.a “Online Convex Optimization (OCO)” Framework

Across each timeslottr = 1.2,...T:

From: Adaptive Computation and Machine Learning series

Introduction to Online Convex
Optimization, Second Edition

» The Learner takes action. x, € X

By Elad Hazan
 The Env. reveals a cost function. 6o
Introduction to Hardi:o.’ver |
f ( . ) . {%’ - L Online Convex Optimization ISBN: 9780262046985
t * B Published: September 6,2022

» The Learner “suffers” action. f,(x,)

A Modern Introduction to Online Learning

Francesco Orabona
Boston University
francesco @orabona.com

March 22, 2022




The Model of an Online Adversarial Stateless System with Full Feedback
OCO (again) — Visually

f(x) J(x) J(x)




Check-point

Online Learning: learn from previous costs to minimize future unknown costs.

> Reinforcement Learning: Costs are samples from stationary unknown distributions/functions.

» Bandits Learning: Costs are independent from the “state”.

> Adversarial Learning: Costs are generated through unknown and changing convex functions.

> OCO: Costs are independent of the “state”.

reward

R,
i Rt+l
1% .
PR l Environment I




Why is OCO important?

fx) fx)

N \ \
o

* There are important applications that are not stochastic.

> Rapidly changing users and/or environment
* Subsumes the stochastic environment model.

> Algorithm A “works” in OCO => “works” in a stochastic environment.



OCO Background (1/3)

Metric: “Regret”

» Given all the adversarial functions f;( - ), /»( - ), ...fr( - ) in advance, we can calculate and execute:

T
x* = arg min Z fi(x) .e.,: x* = argmin f;.(x)
x€X - xel

» An online alg. &/(¢ — 1) which outputs x, based on info up until 7 — 1.

» Performance gap each step: f, (Qi(t — 1)) — 1, (x*)

T
Rr=Y f((e(t=1)) - fx*)
=1




OCO Background (2/3)

“No regret”, “Achievability”, and “Linearization”

* An algorithm whose regret grows sub-linearly is called “No-regret” AlQ.

» If Ry () = O (T“) for some a < 1, then the average regret goes to O:
Ry

— —> Qas 1T — .

I

> |.e., as time goes on, our performance gap will go to 0.

» No algorithm can achieve better regret than R, (<) = O (TO‘S)- (i.e., Ry () = €2 (TO'S)

* The regret for any sequence of functions is reducible to the regret of linear functions
T

T
Rr= ) (filx) —£(x) < D, ({eox,—x*)), ¢, = Vx)
=1

=1



OCO Background (3/3)

Solution Algorithms

* Following the “leader”:

X,, | = arg min{cy.,, x)
xed

(%) (%)




OCO Background (3/3)

Solution Algorithms

* Add regularization: Following the regularized “leader” (FTRL):

X;4] = argmin {<C1:t9 X) + rl:t(x)}
xel

. Example: ry(x) = —||x||*, r,=0, t > 2
2
> => X, = X, +1nc, < Online Gradient Aascent

Result: For any sequence of functions, FTRL with n = O <l/ﬁ )

attains an optimal R, = O (ﬁ)



Use Case: Caching (1/2)

A library of Equal unit size N files, Cache with Capacity C.

- At each time step, a request vector is revealed ¢, € {0,1}". Decide
Cache x,
g _/
* The best caching configuration x*is only known in hindsight via solving. ~ l .
o Request g,
maximize (gy., X) Revealed
N\ . _/
v l
stx e [0,11V & Zx; <C (Hit or Miss\
i=1 (G ;)
N Y

. If g, ~ Gaussian, then x,, | = arg max{(q,.,, x) , will yield iterates
xed

lx, —x*|| x e™"  (Ry o log(T))

« OCO allows us to drop all assumptions on the process generating ¢..



Use Case: Caching (2/2)

Learning to Cache With No Regrets

Georgios S. Paschos*, Apostolos Destounis*, Luigi Vigneri*!, George Iosifidis?

e [he Ut|||ty function: f;(x t) — <x v, t> *France Research Center, Huawei Technologies, Paris

f10TA Foundation, Berlin, Germany
¥School of Computer Science and Statistics, Trinity College Dublin, Ireland

» Convex function

> Fully parametrized by g, (Full

information)

* Using the update rule;
X1 = g (X +ng,)

(a) CDN aggregation (IRM model) (b) Youtube videos (model [5])

“Learning to Cache With No Regrets”, infocom’19

“Online Caching Networks with Adversarial Guarantees”, sigmertrics'21
— ¥ ” —
° H'Xt X X 1/ﬁ and RT - 0 (ﬁ) “LeadCache: Regret-Optimal Caching in Networks"”, neurips’21




Optimistic OCO

How to Incorporate “predictions”

* |n RL & bandits: The future is likely to look similar to the past.
* In OCO: No guarantees about future cost.
> Still, sometimes a plausible prediction is possible

> No assumption on the quality of predictions is allowed

Can we leverage predictions of unknown quality to minimize the regret
beyond the \/ T limit while still maintaining v/ T even when all predictions fail?




Optimistic OCO

Visually . /e /o
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Optimistic OCO

OFTRL & Guarantees

. Update step: x,,; = arg min {(Cm i,

Regularization: 7,(x) o Z lc; — ¢l
i=1

. Perfect predictions: x,,; = arg min {(clzt + ct+1,x)}
xed

 Otherwise, stable iterates

* A safe way to incorporate predictions

T
Result: R, = O Z lc, — ¢l
\ 2

Worst case: R, =0 <\/2T> Best case: R, =0




Optimistic OCO - use case

* A library of Equal unit size N files, Cache with Capacity C.

» At each time step, a request vector is revealed g, € {0,1 }N .

* A prediction for the request is available. No guarantees on its quality.

Predict Request
141

Home Senes Films New & |

Popular on Netflix >

. A BTV -

| Bad'¥" &ngeulnst A\

- -,
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Ty
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Optimistic OCO - use case

The guarantees of the solution Algorithm

A library of Equal unit size N files, Cache with Capacity C.

» At each time step, a request vector is revealed g, € {0,1 }N .

* A prediction for the request is available. No guarantees on its quality.

. Update step: x,, ; = arg min {(CU + C, 1, X) + rlzt(x)}

xex
—1
Regularization: 7,(x) Z lc; = ¢;|| X ||x]|
i=1

-

T
Result: R, =0 \ Z g, — 4l
=1

.
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Optimistic OCO - use case
The guarantees of the solution Algorithm

* A library of Equal unit size N files, Cache with Capacity C.

« At each time step, a request vector is revealed ¢, € {0,1 }N .

* At prediction for the request is available. No guarantees on its quality.

Predict Request

|

)
T
Result : g, =0 \ D lla,—al
=1
/

1.0 FTRL
-t OFTRL, p=0
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—4— OFTRL, p = 0.2sin (f_(’)g) + 0.7

0 2000 4000 6000 8000 10000
T

|

. Decide

~

Cache x,
= J

!

-

&

N
Request ¢,

Revealed

J

l

(g X,)

( n n
Hit or Miss

~

J




Back to the features we left aside: “Partial Feedback” & “States”



The Model of an Online Adversarial Stateless System
a.k.a adversarial bandits

[@1 £(x)) f(x) f3(x3)
o]

{]@ A1 A) A3
I N E—



The Model of an Online Adversarial Stateless System
Reduction to the full Feedback model

* Full feedback algorithms are used as a sub-routine.

» At a time step 7, upon receiving: f,(x,).

Learner with

J{X,)

Estimation
Procedure

Vi(x,)

Full Feedback Alg.

Find a random vector z, such that.

N

“[z] = Vfi(x,)

With R < A

-[R;] £ no. actions X A




The Model of an Online Adversarial Stateless System

Find a random vector z, such that. £[z,] = V/.(x)

- Consider a set of discrete actions. [A] = {4y, a;...,ap}

» Make the decision variable w, € A,
» Pick p, ~w,
» The expected loss of the chosen arm is f(w,) = (c,, w,)

» After committing, we only see ¢,|p,| (we don’t have the full gradient)

 Construct the vector z; s.t. Zt[i] = t(pt)/wt[i] if p, = 1, or 0 otherwise.

. In the above construction E[z""] = ¢!l = Vfi(x,)




The Model of an Online Adversarial Stateless System
Use Case: Online TCP Protocol Selection

——————————————————————————————————————————

 The set of actions is a protocols set

-~

* The reward function is “Delay”
assumed unknown + adversarial.

Declare Protocol Set

Receive Protocol i Fetch and Update

Selection

l Selected

Information Protocol Data
Protocol Knowledge
< Framework > Update
Database

A

Report Processed
Statistics

Protocol

» Partial feedback: only the delay of N N
Switching Monitoring
the selected protocol is revealed ‘ Manage Sacka Query and Receive A
ST amewe | ik ARREEEEEEEEEEEE, ’
Application

Packets In

q TCP Socket H To (From) Rx




The Model of an Online Adversarial Stateful System
Model

State transition: PERTURRATION

X1 = AeXy + Beuy + W‘t \
Ct (xt’ ut) e @ STATE

Optimal Policy (only known in HS):
T

min 2 cp (o, 1)
u(x)

t=1
S.1. Xt_|_1= Atxt -1- Btut -1- Wt

C ONTROL
(\NPUT)

@ COST




The Model of an Online Adversarial Stateful System
Metric

T T
max (z ci (X, Uy) — min z ce (X ,ﬂ(ft)))
W1.T ell =

t=1 1

* X; = counterfactual state sequence under ii; = w(X;), Xirq = AeXy + By + wy
* Bounded noise |wy| <1

ICML 2020

Tutorial:

Online Nonstochastic Control

https://sites.google.com/view/nsc-tutorial/home



The Model of an Online Adversarial Stateful System
Algorithm & Guarantee

Initialize M = My, ..., My
Fort =1, ..,T do
1. Use control uy = Kexp + Yjey Mj Wi

2. Observe state x4, 1, compute noise Wy = X¢,q — A Xy — Beug.

3. Construct cost function:
{)t(M) — Ct(xt(Mle)rut(Ml:H))

4. Update1\7

/Efficient algorithm s.t. \

T
ct(Xt, ug) — min (Z Ct(f\t»”(@)) SO(\/T)

TL'EHDAC
1 t=1

\_ /

N1~

(g
1




Conclusion
Highlights

Online Learning: Time slotted, take actions to minimize future unknown costs.

RL: Stateful, partial feedback system. Estimate from samples & act greedily.

Bandits: RL with a single state.

OCO: Stateless & Full-feedback. No estimation. Regularized optimization.

> No-Regret FTRL solution algorithms, Optimism.

Adversarial Bandits: OCO with partial feedback.

» Reduction to full feedback.

Non-stochastic control: Stateful Online learning. Adversarial transitions and costs.




