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® NC observes at the beginning of each slot the demands, environment and
network state (e.g., unfinished workloads = queues).

® Solves a problem to find the best decision for the current slot.
® Max-weight policy provably
converges to benchmark.

® Benchmark: the best path w.r.t. the
delays over all slots, t =1,...,T.

® Perturbations are benign (i.i.d.);
performance functions are known.

Vt: observe delays & queues; select
max-weight path
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Subject to g(x) < Q
h(y)<H
Network Stability
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What if:

® The parameters (e.g., link delays) change arbitrarily?
® The performance functions are time-varying?

® Parameters/functions are revealed to NC only at the end of each slot?
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® Fewer assumptions & richer modeling tool

® Perturbations (e.g., delays) can change even adversarially.
® No need to know the performance functions in advance.

® Guaranteed convergence to an oracle benchmark.

® Robustness through cautiousness: decisions tailored to worst scenario.

® In practice, sometimes:

® Perturbations may be stationary.
® Performance functions may be predictable.

® There is often abundance of training data.
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Offline Learning

+ Abundance of training data

® path delays, file requests, etc.

+ NNs predict perturbations or actions

® Fast & efficient solution

— Inaccurate under distribution shifts
® Need data & offline training

C. Zhang, P. Patras, H. Haddadi: Deep Learning in Mobile and Wireless Networking: A Survey. IEEE
Commun. Surv. Tutorials 21(3), 2019.
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+ NNs predict perturbations or actions

® Fast & efficient solution

— Inaccurate under distribution shifts
® Need data & offline training

\.

+ No prior training

® Adapts at runtime

+ Works under general conditions

® Minimal assumptions

® Guaranteed & interpretable
performance

— Unnecessary slow when:
® perturbations are benign

® functions are observable

C. Zhang, P. Patras, H. Haddadi: Deep Learning in Mobile and Wireless Networking: A Survey. IEEE
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® Learner computes prediction error ©® Prediction error
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— How can we predict file requests in caching problems?
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Definition (Regret Metric)
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In caching: fi(x¢) = (g, x:); RT({mt}T) = Z(qt,mt — ).

t=1

Cache-hit gap
® A is no-regret when limy_, . Ry /T = 0.

l.e., it performs as good as «* when T' — oo

Fact: Ry({x¢}r) = Q(WT)
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i1 = Projy (wt - %vft(wt)) = arg mingex {<qtvw> +ollz— $t||2}

e FTRL (Follow The Leader + Regularization)
@e1 = arg mingex {(q1. @) +7o(@)},

Regularizer depends on X, e.g., ri(x)=0||z||* or o > ,; logz;

® Optimistic FTRL
Ty = arg mingey {<‘I1:t +qiq1s x) + rt(a:)},

Regularizer depends also on prediction errors, r.(x) = oy(e1.¢)|| |

H. B. McMahan: A Survey of Algorithms and Analysis for Adaptive Online Learning. J. Mach. Learn.

Res. 18, 2017.
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OL for Caching

Algorithm: Optimistic (Bipartite) Caching

1 Input: 1 €X; 0 =2/Dy. Output: x; = (y, 2¢), Vt.
2 for t=1,2,...do
3 Receive prediction g, ;
4 Calculate the new policy +y1 = arg minge x(qq.4, ) + r¢ ()
5 Serve request g, according to x¢
6 Incur a hit/miss (g, z:) & measure prediction error
7 Update the regularization oy y1=1/>._, |l@; — @I
end

N. Mhaisen, G. losifidis, D. J. Leith: Online Caching With no Regret: Optimistic Learning via
Recommendations. IEEE Trans. Mob. Comput. 23(5), 2024.
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2 for t=1,2,...do
3 Receive prediction g, ;
4 Calculate the new policy +y1 = arg minge x(qq.4, ) + r¢ ()
5
6

Serve request g, according to x¢
Incur a hit/miss (g, z:) & measure prediction error

7 Update the regularization 041 = Z’;:l llg; — a;lI?
end

e Rp=0 <\/ZZ=1 lla, — f]t||2>, worse by /2 w.r.t. non-optimistic FTRL.

R: <
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Figure: Cache utility with predictors of different accuracy (g, = g, with probability p) and request traces
from: (a) Zipf distribution; (b) YouTube dataset; (c) MovieLens datasets.

18/48



Preliminaries & Convex OL
0000008000000 000000

Implementation

1.0 030
08 025
2 2020
S06 H
@
) 8015
:?’ 0.4 — Benchmark %010
-~ 0GD <
0.2 0.05
-+ OL p=0.7
00 -+ OL p=0 0.00
) 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
Time slot X100 Time slot X100 Time slot x100
(a) (b) (©)

Figure: Cache utility with predictors of different accuracy (g, = g, with probability p) and request traces
from: (a) Zipf distribution; (b) YouTube dataset; (c) MovieLens datasets.

0850
== 0GD

0.6/ ™= 08C.p=0
m 0BC,p=07

Figure: Average time consumed per decision step
for different library size N and horizon T' = 10k).

N=2.5k N=5k N=10k N=20k N=40k

18/48



Preliminaries & Convex OL

0000000800000 000000

OL for: Slice Reservation

® Request virtualized resources from a network (or cloud) operator.

Network Operator

§ % ~—__ Slices ofL /é
— B R S
; /- : /é

mﬂ : network resources_

Service Providers

J. B. Monteil, G. losifidis, |. Dusparic: Reservation of Virtualized Resources with Optimistic Online
Learning. IEEE ICC, 2023.
19/48



Preliminaries & Convex OL
0000000800000 000000

OL for: Slice Reservation

® Request virtualized resources from a network (or cloud) operator.

® How to maximize service utility while minimizing reservation costs?

Network Operator

L {——
mn— @
: /- ; /é

mﬂ network resources :

Service Providers

J. B. Monteil, G. losifidis, |. Dusparic: Reservation of Virtualized Resources with Optimistic Online
Learning. IEEE ICC, 2023.

19/48



Preliminaries & Convex OL

0000000800000 000000

OL for: Slice Reservation

® Request virtualized resources from a network (or cloud) operator.

® How to maximize service utility while minimizing reservation costs?

Utility:  fi(x) = azlog (1 + (0, .’ct)) where:

x:: resource request plan;
0.: importance of each resource type for QoS
ay¢: demand intensity.

Network Operator

§ % ~—__ Slices ofL /é
— B N O
; /- : /é

mﬂ : network resources_

Service Providers
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Learning. IEEE ICC, 2023.
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OL for: Time-average Constraints

® Optimizing performance s.t. average resource consumption, costs, QoS, etc.

D. Anderson, G. losifidis, D. J. Leith: Lazy Lagrangians for Optimistic Learning With Budget Constraints.
IEEE/ACM Trans. Netw. 31(5), 2023.
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OL for: Time-average Constraints

® Optimizing performance s.t. average resource consumption, costs, QoS, etc.
® Constraints: fixed convex set X' and time-varying functions h(x), Vt.

® Need to bound both the Regret and the Constraint Violation:

T

P S [

t=1

D. Anderson, G. losifidis, D. J. Leith: Lazy Lagrangians for Optimistic Learning With Budget Constraints.
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OL for: Time-average Constraints

® Optimizing performance s.t. average resource consumption, costs, QoS, etc.
® Constraints: fixed convex set X' and time-varying functions h(x), Vt.

® Need to bound both the Regret and the Constraint Violation:

T

P S [

t=1

® Impossibility result: cannot minimize both rates at the same time.

® Predictions can improve significantly the factors of both terms.

t—1

T, = arg glelg ;ET(:L', Ar) + (@, ) + (A, ﬁt(m))

t
At+1 = arg max > Lr(@r, A) + (N g ()
+ or=1

D. Anderson, G. losifidis, D. J. Leith: Lazy Lagrangians for Optimistic Learning With Budget Constraints.
IEEE/ACM Trans. Netw. 31(5), 2023.
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OL with Multiple Predictors

® How to incorporate multiple (untrusted) predictors?

N. Mhaisen, G. losifidis, D. Leith: Online Caching With no Regret|...], IEEE Trans. Mob. Comp., 2024.

A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
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OL with Multiple Predictors

® How to incorporate multiple (untrusted) predictors?

® < Need (also) to learn who is the best predictor from the set P.

® Solution: a meta-learner adapts trusting weights for each predictor.

Predictor Optim. Expert #1
— O e man(a® o
#1 @ = argmax(g; ', z)

: : >

. . Caching Policy of
Predi Optim. Expert #p Meba?Learrzr Gradients Predictors’ el
redictor - radien da‘e5wei hts
—_— |, S o 2 » | —p| Errors [y | up df
2" = argmax(q,"”, z. 4 N
|| 255 ol v |7
. n=1
Pessimistic Expert : , Next Slot
FTRL ¢

N. Mhaisen, G. losifidis, D. Leith: Online Caching With no Regret|...], IEEE Trans. Mob. Comp., 2024.

A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
21/48



Preliminaries & Convex OL
0000000008000 000000

OL with Multiple Predictors

® How to incorporate multiple (untrusted) predictors?

® < Need (also) to learn who is the best predictor from the set P.

® Solution: a meta-learner adapts trusting weights for each predictor.

Predictor Optim. Expert #1
— O e man(a® o
#1 @ = argmax(g; ', z)

: : >

. . Caching Policy of
Predi Optim. Expert #p Meba?Learrzr Gradients Predictors’ el
redictor - radien da‘e5wei hts
—_— |, S o 2 » | —p| Errors [y | up df
2" = argmax(q,"”, z. 4 N
|| 255 ol v |7
. n=1
Pessimistic Expert : , Next Slot
FTRL ¢

Rr < R(T“”) +  min ’Rgf’ )
N—— p

find best predictor X
regret of best predictor

N. Mhaisen, G. losifidis, D. Leith: Online Caching With no Regret][...], IEEE Trans. Mob. Comp., 2024.

A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
21/48



Preliminaries & Convex OL
0000000008000 000000

OL with Multiple Predictors

® How to incorporate multiple (untrusted) predictors?

® < Need (also) to learn who is the best predictor from the set P.

® Solution: a meta-learner adapts trusting weights for each predictor.

Predictor Optim. Expert #1
— O e man(a® o
#1 @ = argmax(g; ', z)

N

. . Caching Policy of
Predi Optim. Expert #p Meba?Learrzr Gradients Predictors’ el
redictor - radien da‘e5wei hts
—_— |, S o 2 » | —p| Errors [y | up df
2" = argmax(q,"”, z. 4 N
|| 255 ol v |7
. n=1
Pessimistic Expert : , Next Slot
FTRL ¢

Rr < VPVT + minRY
N—— p
find best predictor — “N=——

max accuracy

N. Mhaisen, G. losifidis, D. Leith: Online Caching With no Regret][...], IEEE Trans. Mob. Comp., 2024.

A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
21/48



Preliminaries & Convex OL
0000000008000 000000

OL with Multiple Predictors

® How to incorporate multiple (untrusted) predictors?

® < Need (also) to learn who is the best predictor from the set P.

® Solution: a meta-learner adapts trusting weights for each predictor.

Predictor Optim. Expert #1
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Prior Work: Slow-varying functions

® [A1] FTRL can be improved if gradients stay close to their average:

T
g _ 1
Z lg, — @rl” |, where Gp= 7 § :‘Jt
t

t=1

Rr <O

< The algorithm needs a twist for the experts problem.

[A1] E. Hazan and S. Kale. Extracting certainty from uncertainty: Regret bounded by variation in costs.
Machine learning, 80(2):165-188, 2010.
[A2] C.-K. Chiang, T. Yang, C.-J. Lee, M. Mahdavi, C.-J. Lu, R. Jin, and S. Zhu. Online optimization
with gradual variations. COLT, 2012.
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® [A1] FTRL can be improved if gradients stay close to their average:

T
g _ 1
Z lg, — @rl” |, where Gp= 7 § :Qt
t

t=1

Rr <O

< The algorithm needs a twist for the experts problem.
e [A2] If functions have small variation, a new algorithm achieves:
2
Ry <0 (VD), D=3 max|Vfi@)- Vi1 (@)
7 TEX
< Main idea: perform an additional gradient iteration in each round

Tey1 = Projy (mt - UVft(wt)), Bi41 = Projy (-’L't+1 - ant(wt))

[A1] E. Hazan and S. Kale. Extracting certainty from uncertainty: Regret bounded by variation in costs.
Machine learning, 80(2):165-188, 2010.
[A2] C.-K. Chiang, T. Yang, C.-J. Lee, M. Mahdavi, C.-J. Lu, R. Jin, and S. Zhu. Online optimization
with gradual variations. COLT, 2012.
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Prior Work: Introducing Optimism

® Generalization via predictions for next gradient

® FTRL with self-concordant barrier and predictions.

&1 = arg min {<Qt T q,2) + (@) }
rEX N~

Self-Conc
— No need to have slow-varying environment.
Vigagr@[ " o -]
Rr <V dmaxr(z) {Z ’ 0@ -a, +1]

t=1

dual norm wrt r(x¢)

[B1] A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
[B2] Rakhlin, Sridharan: Optimization, Learning, and Games with Predictable Sequences. NIPS 2013
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® Generalization via predictions for next gradient

® FTRL with self-concordant barrier and predictions.

&1 = arg min {<Qt T q,2) + (@) }
rEX N~

Self-Conc
— No need to have slow-varying environment.
Vigagr@[ " o -]
Rr <V dmaxr(z) {Z ’ 0@ -a, +1]

t=1
dual norm wrt 7(x¢)
® Similar bound when using optimistic OMD.

wt+1=arg:rcréi§(qt,a:)+ D, (xz,x:) , §:t+1:arg1zn€i;(1(ét+l7:1:>+Dr(ac,a:t+1)

Bregman Diverg.

[B1] A. Rakhlin, K. Sridharan: Online Learning with Predictable Sequences. COLT 2013.
[B2] Rakhlin, Sridharan: Optimization, Learning, and Games with Predictable Sequences. NIPS 2013
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Prior Work: Optimism and Adaptivity

® The bounds can become adaptive to scenario (better constants).

® FTRL with gradient/prediction-adaptive time-varying regularization.
2rs1 = argmin { (qu, + G0, 2) + 74() }

< r¢(x) can be a quadratic or an entropic function, proximal or non-proximal.

[C1] Steinhardt & Liang: Adaptivity and Optimism: An Improved Exponentiated Gradient Alg. ICML'14
[C2] Mohri & Yang: Accelerating Online Convex Optimization via Adaptive Prediction. AISTATS 2016.
[C3] Joulani et al.: A Modular Analysis of Adaptive (Non-)Convex Optimization [...], ALT 2017.
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® The bounds can become adaptive to scenario (better constants).

® FTRL with gradient/prediction-adaptive time-varying regularization.
2rs1 = argmin { (qu, + G0, 2) + 74() }

< r¢(x) can be a quadratic or an entropic function, proximal or non-proximal.

® The Regret factors are as small as possible:

T
B . a2
Ry < max @ — @ ”Sﬁfﬁo; ;= Gillgiag(s) -2

< The previous solutions are special cases via different choices of r¢(x).

[C1] Steinhardt & Liang: Adaptivity and Optimism: An Improved Exponentiated Gradient Alg. ICML'14
[C2] Mohri & Yang: Accelerating Online Convex Optimization via Adaptive Prediction. AISTATS 2016.
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Prior Work: Different Prediction Metrics

® We used approximate predictions for next gradients, i.e., ¢; = ||q; — q,||*

[D1] E. Hazan et al. Online learning with prior knowledge. COLT, 2007.
[D2] O. Dekel, et al.: Online Learning with a Hint. NIPS 2017.
[D3] A. Bhaskara, et al.: Online Learning with Imperfect Hints. ICML 2020.
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Prior Work: Different Prediction Metrics

® We used approximate predictions for next gradients, i.e., ¢; = ||q; — q,||*

® What if we know a coordinate, e.g., g;41,1, of the next gradient g, , € R"?

Rr <O (n2 log T)

® What if we have a directional-only prediction? (easier to obtain, perhaps)

- 1
@na)zalal — Rr<0(Lwer)

< The bound relies on the geometry of the decision space (strong convexity).

[D1] E. Hazan et al. Online learning with prior knowledge. COLT, 2007.
[D2] O. Dekel, et al.: Online Learning with a Hint. NIPS 2017.
[D3] A. Bhaskara, et al.: Online Learning with Imperfect Hints. ICML 2020.
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Prior Work: Different Prediction Metrics

® Approximate? ||g, — q,[|> <e or Directional? (u,q,) > ollq|

[D1] E. Hazan et al. Online learning with prior knowledge. COLT, 2007.
[D2] O. Dekel, et al.: Online Learning with a Hint. NIPS 2017.
[D3] A. Bhaskara, et al.: Online Learning with Imperfect Hints. ICML 2020.
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Prior Work: Different Prediction Metrics

® Approximate or Directional?

. - 1 - 1 - 2
with huber(llg, - @I, la. ) = 3 la. = @l1* = 5 (la: = @Il = la.l)’

[D4] G. Flaspohler, et al: Online Learning with Optimism and Delay. ICML 2021.
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Prior Work: Different Prediction Metrics

® Approximate or Directional?

o (VE la-a1?) v 0 tou(r)Vmax (1Y I~ P~ ) )
t t
® Improved analysis of approximate errors in [D4], achieves: Ry <
a 1
orfla*]|+2 min {U—thuber(nqt ~ I la,l), D min (llg, — G ||qt||)}
t=1

. - 1 - 1 - 2
with huber(llg, - G, la.1) = 3 la. — &l1* = 5 (Ia: = @Il = la.l)’

[D4] G. Flaspohler, et al: Online Learning with Optimism and Delay. ICML 2021.
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Prior Work: Different Prediction Metrics

Error Approx. Predictor Direct. Predictor Improved Appr. Pred.
worst-case OWT) O(logT) OWT)
4, =4, o) o) o)
a=0ma | o(/itzlal?) o(yisdalr)  o(/isllal?)
ld, - all <plla)l || ©(VZplal?) O 1087) 7
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Prior Work: Beyond Regret

® Parallel World: Online algorithms with Predictions.

[E1] L. Andrew, et al: A Tale of 2 Metrics: Simultaneous Bounds on Competitiveness & Regret, COLT'13
[E2] D. Rutten, et al., Smoothed Online Optimization with Untrusted Predictions, Sigmetrics'23.
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® Parallel World: Online algorithms with Predictions.

® Competitive Ratio instead of Regret:
® Compare against the offline (possibly) time-varying benchmark;
® Penalized for switching costs;

® Observe the function before committing the action.
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Prior Work: Beyond Regret

® Parallel World: Online algorithms with Predictions.

® Competitive Ratio instead of Regret:
® Compare against the offline (possibly) time-varying benchmark;
® Penalized for switching costs;

® Observe the function before committing the action.

® Inherent incompatibility among the two metrics.

® Still, in some cases one can achieve both under some assumptions.

[E1] L. Andrew, et al: A Tale of 2 Metrics: Simultaneous Bounds on Competitiveness & Regret, COLT'13
[E2] D. Rutten, et al., Smoothed Online Optimization with Untrusted Predictions, Sigmetrics'23.
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Prior Work: Applications

® Portfolio management, Rental Strategies, Bidding in Auctions,...

® C. Tsai, et al, Data-Dependent Bounds for Online Portfolio Selection|...], NeurlPS’'23.

® A. Bhattacharya, et al, ML advised algorithms for the ski rental problem with a
discount, Theor. Comput. Sci.'22.

® W. Zhang, et al, Leveraging The Hints: Adaptive Bidding in Repeated First-Price
Auctions, NeurlPS 2022.
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® Training of Neural Networks
® C. Daskalakis, et al., Training GANs with Optimism. ICLR, 2018.

® P. Mertikopoulos, et al, Optimistic mirror descent in saddle-point problems, ICLR'19.

® Caching, Slice Reservation, Network Control,...

® T. Lykouris, et al., Competitive Caching with ML Advice, J. ACM 68(4), 2021.
® F. Faticanti, et al., Optimistic Online Caching for Batched Requests, Comp. Net.'24.
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Optimistic Discrete Caching

Recall:  OL for caching

® Obtain request prediction g,
¢ Commit to caching policy & € X = {[0,1]" ‘ >y <O}

® User request is revealed g, € {0,1}",
e Cache hit fi(x:) = (q;, x¢), Prediction error ||q, — q,]|

x* = arg mea)%((qlzT,w). (Already Discrete)
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OFTRL + Sampling

® Assume there is an A that produces {x;}r s.t.
® E[z:] = @ € conv{X}, and
* R{#:}r) <8
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* fi(@:) = (q,, &) = (g, E[z]:) = E[{q,, z1)].
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Reason
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Hence, R({z¢}i=1) = E[R({&¢}{=1)]

How to obtain such x;?
1
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OFTRL for Discrete Actions

Algorithm 1: Optimistic DiscreteCaching

Input: ; 1 €X; 0 =2/Dy. Output: z¢ = (y¢, 2t), V¢.
for t=1,2,...do
Receive prediction ;4

x¢ + MadowSample(&+)
Serve request g, according to configuration x¢
Incur a hit/miss (q,, x¢), observe prediction error

1
2
3
4 Calculate the new policy &;11 = arg minge x(qq.;, ) + r¢(x)
5
6
7

8 Update the stability parameter A; + 1 = y/3."1 |lge — @,]/2

i=1

end

Mhaisen et. al. Optimistic No-regret Algorithms for Discrete Caching, SIGMETRICS '22
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OFTRL for Discrete Actions

Algorithm 1: Optimistic DiscreteCaching

1 Input: ; 21 €X; 0 =2/Dx. Output: z¢ = (y¢, 2¢), Vt.

2 for t=1,2,...do

3 Receive prediction ;4

4 Calculate the new policy &;11 = arg minge x(qq.;, ) + r¢(x)
5

6

7

x¢ + MadowSample(&+)
Serve request g, according to configuration x¢
Incur a hit/miss (q,, x¢), observe prediction error

8 Update the stability parameter s +1 = /3" 1 |lgt — @2
end

E[Rr] = \/Zt 1 llae — @¢||?). Sub-linear& scales with accuracy.

Mhaisen et. al. Optimistic No-regret Algorithms for Discrete Caching, SIGMETRICS '22
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OFTPL for Discrete Actions

® FTRL update requires N2 projection.

Cohen et. al. Following the Perturbed Leader for Online Structured Learning, ICML '15
Mhaisen et. al. Optimistic No-regret Algorithms for Discrete Caching, SIGMETRICS '22
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FTRL update requires N2 projection.
® Another way to regularize the FTL update x;11 = argmin,cx(qy.;, )

FTPerturbed L update: x;11 = argmingex(qy., + my, ), v, ~N(0,1) .

Quantile finding problem with complexity V

FTPL Regret Bound

The above iterates achieve the regret bound:

Rr({z:}E) <77TC\/W+Zt . |¢it/#17;t\l
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OFTPL for Discrete Actions

FTRL update requires N2 projection.
® Another way to regularize the FTL update x;11 = argmin,cx(qy.;, )

FTPerturbed L update: x;11 = argmingex(qy., + my, ), v, ~N(0,1) .

Quantile finding problem with complexity V

FTPL Regret Bound

The above iterates achieve the regret bound:

Rr({z:}E) <77TC\/W+Zt . |¢it/#17;t\l

© moc /st g = @l = Re = O(N)VE X llay — @)
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Mhaisen et. al. Optimistic No-regret Algorithms for Discrete Caching, SIGMETRICS '22
35/48



Non-convex OL
O000e00

OFTPL Alg. and Comparison with OFTRL

Algorithm 2: (OFTPL-Cache)

1 Input: 1 =0, y1 = argminycx (y, 1)
2 Qutput: {y; € X} // Feasible discrete caching vector at each slot

3y (Y N(0,1nx1) // Sample a perturbation vector
4 for t~:2,3,...do
5 0 < prediction //Obtain request prediction for slot t

6 Nt =4/ 22;11 l6- — é‘r”%

7 Yyt = argmaxyex (¥, O¢—1 + 0s + ney) /) Update the discrete

cache
end
OFTRL OFTPL
Operation principle Min. (regularized) past costs Min. (perturbed) past costs
Comput. Complex. 0O(N?) O(N)
Dependence on N None log(N)
Prediction Error N 2 £
Solution pipeline Almost disc. — Discrete Cont.— Almost disc. — Discrete
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OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )
Subjectto = € X,

37/48



Non-convex OL
0000080

OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )

. Knapsack
Subjectto xz € X, (s,x)<B

37/48



Non-convex OL
0000080

OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )

Knapsack
Subjectto xz e X, (s,x) < B} P

(Optimistic) Online Learning of (NP-Hard) problems: Two elements

37/48



Non-convex OL
0000080

OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )

Knapsack
Subjectto xz e X, (s,x) < B} P

(Optimistic) Online Learning of (NP-Hard) problems: Two elements
® Approximate benchmark: Ry ({x:}r) = a{qq.p, ") — (qr.p, &), a < 1

37/48



Non-convex OL
0000080

OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )

Knapsack
Subjectto xz e X, (s,x) < B} P

(Optimistic) Online Learning of (NP-Hard) problems: Two elements
® Approximate benchmark: Ry ({x:}r) = a{qq.p, ") — (qr.p, &), a < 1
e Approximate rounding: E[z;] > a®; s.t. Pr[(s,z;) < B] = 1.
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OFTR/PL with Discrete Actions + Capacity Constraints

Maximize  (p, )

Knapsack
Subjectto xz e X, (s,x) < B} P

(Optimistic) Online Learning of (NP-Hard) problems: Two elements
® Approximate benchmark: Ry ({x:}r) = a{qq.p, ") — (qr.p, &), a < 1
e Approximate rounding: E[z;] > a®; s.t. Pr[(s,z;) < B] = 1.
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Implementation

10 == FTRL 10 - FTPL
—— OFTRL, p=0 —m— OFTPL,p=0
0.8 = OFTRL, 0.8 —e— OFTPL,
= o;——rRL,p:t)Jsm(r’;g)+o.7 o OF[PL‘p:().Zsm(]—‘;';)+0,7
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(2) OFTRL-UneqCache (b) OFTPL-UneqCache

Figure: Comparing R(T1/2)/T for unequal-sized files, single cache.
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OCO with Memory

® Regular OCO: At each t, the learner pays the cost of x;:
fr(@e)  ferr(@esr)
. pd

Tt LTi4+1
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Tt LTi4+1

® OCO with memory (OCO-M): Pays for the past m decisions, x::
ft(mt—bwt—lya:t) ft+1($t—1,$t7mt+1)

Tt Tit1

o Re({m}ly) < S fel@imm, . @) — folz*,... 2¥)
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® Regular OCO: At each t, the learner pays the cost of x;:
fi(@e)  ferr (@)
L 1 1 1 / 1 / 1 1

T Ti41

® OCO with memory (OCO-M): Pays for the past m decisions, x::

ft(mt—mwt—lya:t) ft+1($t—1,$t7mt+1)

Tt Tit1

* Re({z i) < Z?:m fe(@im, .. ) = frlz®, ... @)

[}

Unlimited memory leads to linear regret.
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OCO with Memory

Regular OCO: At each ¢, the learner pays the cost of x;:
fr(@e)  ferr(@esr)
. pd

Tt Ti41
® OCO with memory (OCO-M): Pays for the past m decisions, x::
ft(mt—mwt—lya:t) ft+1($t—1,$t7mt+1)
Ty Tit1

RT({$t}$:1) < Z?:m ft(wt—m, e ):Bt) - ft(a:*? ceey :IZ*)
Unlimited memory leads to linear regret.
OGD/FTRL achieve O(m+/T) for 1/m attenuated step size.

Avana et. al., Online learning for adversaries with memory: price of past mistakes , NeurlPS '15
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NSC Problem: start at some state x;

® Commit to action wuy

Agarwal et. al., Online control with adversarial disturbances , ICML '19
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Non-stochastic Control (NSC) 1/2

NSC Problem: start at some state x;
® Commit to action wuy
® Transition to a state ; = Axy_1 + Bu;+ wy
® Incur a cost c;(xy, uy)

fr—1(ui—1, @e-1) fe(ue, )
! 1 1 ﬂ - 1

Ut—1 Uy

|%1A$t71 + Bu;_ +w; | =z
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NSC Problem: start at some state x;
e Commit to action u;
® Transition to a state ¢, = Ax;_1 + Bu;+ w; adversarial noise
® Incur a cost ci(x:, us) adversarial cost

fro1 (w1, ®i-1) fe(ue, )
L 1 1 ﬂ - 1

Ut—1 Uy
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Non-stochastic Control (NSC) 1/2

NSC Problem: start at some state x;
e Commit to action u;
® Transition to a state ¢, = Ax;_1 + Bu;+ w; adversarial noise
® Incur a cost ci(x:, us) adversarial cost

fro1 (w1, ®i-1) fe(ue, )
L 1 1 ﬂ - 1

Ut—1 Uy

|+L4wt_1 +Bu; 1 +w;_ =

Policy Regret:  RE(A) = |co(a, uy) — min ci(x], ul)
TE

® (x4, uy) is the state-action pair under A; (x:(7), w:(7) is under the
benchmark.

Agarwal et. al., Online control with adversarial disturbances , ICML '19
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® Competitor policy class: Disturbance Action Controllers
11 : Uy = Kmt + Z?:l Mt[]]wt_j
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® Competitor policy class: Disturbance Action Controllers
II:u = Koy + Z?Zl th'wt_j

® DAC can approximate all linear state feedback controller. —

® Under the DAC class fi(M) = c;(x(m), z(m)) is convex in M

Algorithm 3: GPC

Input: An intrinsically stable LTI system (A, B), n =~ 1/gvT
Output: {u;}7 ,

fort=1,2,...,7 do

-

2 Use action u; = ?:1 Mt[j]'wt,j

3 Observe cost ci(x¢, ut) and record the gradient G¢(My)
4 Observe new state x¢y1

5 Record the disturbance w; = ¢1+1 — Axy — Buy

6 Calculate M1 via OGD: My = I (Mt + nGy)

end
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® Competitor policy class: Disturbance Action Controllers
II:u = Koy + Z?Zl th'wt_j

® DAC can approximate all linear state feedback controller. —

® Under the DAC class fi(M) = c;(x(m), z(m)) is convex in M

Algorithm 3: GPC
Input: An intrinsically stable LTI system (A, B), n =~ 1/gvT
Output: {u;}7 ,

1 fort=1,2,...,7T do

2 Use action u; = ?:1 Mt[j]'wt,j

3 Observe cost ci(x¢, ut) and record the gradient G¢(My)
4 Observe new state x¢y1

5 Record the disturbance w; = ¢1+1 — Axy — Buy

6 Calculate M1 via OGD: My = I (Mt + nGy)

end

. RPTOI(A) = pol(Ge, 8, kar, k)VT (i.e., converges to the best DAC policy)

Agarwal et. al., Online control with adversarial disturbances , ICML '19
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Optimistic NSC. Interpretation 1: Adaptivity

® What if G,(M) = Vf(M) = ¢;(x(M),u(M)) is small?
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Optimistic NSC. Interpretation 1: Adaptivity

® What if G¢(M) =V (M) = ¢;(x(M),u(M)) is small?
® AdaFTRL-C = FTRL + DAC-induced cost functions.

Algorithm 4: Adaptive FTRL Controller (AdaFRTL-C)

Input: An intrinsically stable LTI system (A, B), M1 € M .
Output: {u:}L
1 fort=1,2,...,7 do
Use action uy = 35 M w,
Observe cost ct(xt,ut) and record the gradient G¢(M¢)
Observe new state @y 1
Record the disturbance wi¢ = x¢1 — Az — Bug
Update regularization param. o¢ < \/g1:t—1

M1 = argminpse pm {Zzzl cs(@s(m), us(m)) + 'I‘S(M)} .

N

N~ o 0 & ow

end

Mhaisen et. al., Adaptive online non-stochastic control , L4DC '24
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Optimistic NSC. Interpretation 1: Adaptivity

® What if G¢(M) =V (M) = ¢;(x(M),u(M)) is small?
® AdaFTRL-C = FTRL + DAC-induced cost functions.

Algorithm 4: Adaptive FTRL Controller (AdaFRTL-C)

Input: An intrinsically stable LTI system (A, B), M1 € M .
Output: {u:}L
1 fort=1,2,...,7 do
2 Use action uy = 35 M w,
Observe cost ct(xt,ut) and record the gradient G¢(M¢)
Observe new state @y 1
Record the disturbance wi¢ = x¢1 — Az — Bug
Update regularization param. o¢ < \/g1:t—1
M1 = argminpse pm {Zzzl cs(@s(m), us(m)) + 'I‘S(M)} .
end

N~ o 0 & ow

o RPNA) = pol(Ge, 8, knr, )] Srey g0 With g; = max([| Gy, || Gy ?)
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® Recall &;(7) and u. () are linear in M
® if ¢(+,-) is also linear, then f;(M) = ci(x(M),u(M)) is separable
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Optimistic NSC. Interpretation 2: Predictions (1/3)

® What if Gy(M) = V(M) = ¢;(x(M),u(M)) is predictable?
® Recall &;(7) and u. () are linear in M

® if ¢(+,-) is also linear, then f;(M) = ci(x(M),u(M)) is separable
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Optimistic NSC. Interpretation 2: Predictions (1/3)

® What if Gy(M) = V(M) = ¢;(x(M),u(M)) is predictable?
® Recall &;(7) and u. () are linear in M
® if ¢(+,-) is also linear, then f;(M) = ci(x(M),u(M)) is separable
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Optimistic NSC. Interpretation 2: Predictions (2/3)

/‘”(M, z) /;ji(M, f,H(MM)
f“ (M, 2) /“)(M, ,) f <M,+.) ..........
0C0-D f_{“ﬂ_;} 6‘.0)1@.4:..12 {m%ﬂ
= 12( —2) = 'z—ll(M/—1> =F M) .
o- ------------------------------------ T

Algorithm 5: OptFTRL-C

Input: System (A, B), parameter d, DAC parameters ks, p.
Output: {u¢}7 ;.

for each time slott =1,...,T do

1 Use action u; = 7;:1 thwt_j

2 Observe ci(xt, ut) and record the gradient Gy_g

3 Observe new state @+ and record w;

4 Update s.c. oy = ‘/Zt 12 € +maxj<i_g—2€j_dii:j

5 Receive future predictions {c- (-, )}t+d

6 M1 = argminpre m {{G1:t—a + Het1, M) +ri (M)}
end

Mhaisen et. al., Optimistic online non-stochastic control via FTRL, arXiv 2404.03309
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Optimistic NSC. Interpretation 2: Predictions (2/3)

/‘”(M, z) /;ji(M, f,H(MM)
f“ (M, 2) /“)(M, D f <M,+.) ..........
ocon |l o) i
= 12( —2) = 'z—ll(M/—1> =F M) .
o- ------------------------------------ T

Algorithm 5: OptFTRL-C

Input: System (A, B), parameter d, DAC parameters ks, p.
Output: {u¢}7 ;.

for each time slott =1,...,T do

1 Use action u; = 7;:1 thwt_j

2 Observe ci(xt, ut) and record the gradient Gy_g

3 Observe new state @+ and record w;

4 Update s.c. oy = ‘/Zt 12 € +maxj<i_g—2€j_dii:j

5 Receive future predictions {c- (-, )}t+d

6 M1 = argminye m {(Grie—a + Heq1, M) + re(M)}
end

® OptFTRL-C = Delayed OFTRL.

Mhaisen et. al., Optimistic online non-stochastic control via FTRL, arXiv 2404.03309
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Optimistic NSC. Interpretation 2: Prediction Oracle (3/2)

® Recall: Optimistic bounds accumulate the prediction errors sublinearly:

RTzo( ;e%)

€1 & =G, =Gl i
1

t—1 t t+1 T
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Optimistic NSC. Interpretation 2: Prediction Oracle (3/2)

e Optimistic Statefull bounds: accumulate the (truncated) sum of prediction

errors.

(1 =6)X ey + €+ €41)

i -o (| S(ESE )

=0 j=1i

(1= 8)X(e, + €141 + €142) (1= 8)* (€41 + €42 + €143)

(1 =6)e_;+¢€) (1 =6)(e +€41) (1 =6)(€q1 + €42)
- € €141
1 1 1
r—1 t t+1 T
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The End

® Acknowledgments to projects:

® H2020 DAEMON, Network Intelligence for Adaptive and Self-Learning Mobile
Networks, https://h2020daemon.eu/.

® Horizon ORIGAMI, Optimized Resource Integration and Global Architecture
for Mobile Infrastructure for 6G, https://sns-origami.eu/.

® Acknowledgments to collaborators:

® Douglas J. Leith, Daron Anderson (Trinity College Dublin).
® Jean-Baptiste Monteil, Ivana Dusparic (Trinity College Dublin).
® Abhishek Sinha (Tata Institute, India), Georgios Paschos (Amazon, Lux).

48/48


https://h2020daemon.eu/
https://sns-origami.eu/

	Background & Motivation
	Preliminaries & Convex OL
	Non-convex OL
	OL & Non-stochastic Control

