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Background

Real-time service requires fresh data

Online Learning

Crowdsourcing i
(ads bidding) Social networks
Research Problem
How to measure and optimize information freshness? J
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Freshness Metric: Age of Information

D,
Dy

Aol

7
y4 pe

s

’ ‘i
’ 4 :
7/ ’
[¢——>] .

Sampling delay Time

Interval

- ® Sampling Time
@ By definition, the Aol at time t, denoted by A(t)
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A(t) £t — Sy,
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where i(t) := argmax{/|R; < t} is the index of the recently received sample.
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where i(t) := argmax{/|R; < t} is the index of the recently received sample.

@ No sample received: grows linearly

@ New sample received: drops to packet delay
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@ By definition, the Aol at time t, denoted by A(t)

A(t) £t Si(t)a (1)

where i(t) := argmax{/|R; < t} is the index of the recently received sample.
@ No sample received: grows linearly
@ New sample received: drops to packet delay

Previous Work J

Minimizing Aol is different from max throughput/min delay

= Ty
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Challenges—Online Design

Existing work

@ Unknown Aol penalty functions/Aol constraint in known environment Li
(2021); Tripathi and Modiano (2021)

@ min Aol in unknown environment: using RL/Bandits (Atay et al. (2021);
Leng and Yener (2021), ...) Theoretic analysis are missing.
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Challenges—Online Design

Existing work

@ Unknown Aol penalty functions/Aol constraint in known environment Li
(2021); Tripathi and Modiano (2021)

@ min Aol in unknown environment: using RL/Bandits (Atay et al. (2021);
Leng and Yener (2021), ...) Theoretic analysis are missing.

Age minimum sampling revisited—online algorithm

@ Reformulate Aol minimization problem as a Renewal-Reward Process, then
propose an online algorithm.

@ Derive the convergence rate of the proposed online algorithm.

o Establish converse result for any causal sampling algorithm. Verify minimax
order optimal.
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System Model
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@ Point-to-point link: Sensor senses and submits samples to the Destination

Time Sensitive Source

@ Channel: FIFO queue with i.i.d. transmission times
o Feedback: zero-delay ACK

> Busy/Idle state of the channel is known to the sensor.

Delay Dy of sample k in the channel is i.i.d following an absolutely distribution Pp.
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Problem Formulation

Minimizing the Aol under a sampling frequency constraint

ACK
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Sample

Time Sensitive Source

Optimization Problem

-
inf lim sup%E l/ A(t)dt|, (2a)
t

mel T 500 =0
1 [& 1
st. liminf - kz;(skﬂ_sk)] > (2b)

Observation: Samples waiting in the queues are not longer fresh.
Solution: Focus on policy that waits for Wj > 0 to submit sample (k + 1) after
the ACK of the k-th sample is received.
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Problem Resolution
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o Frame length k: Ly = Dy + W.

o Cumulative Age in frame k: Rk:%(Dk + Wi )2+ Dy (Di—1 + Wi_1).
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o Frame length k: Ly = Dy + W.

o Cumulative Age in frame k: Rk:%(Dk + Wi )2+ Dy (Di—1 + Wi_1).

Delay Dy is i.i.d, for stationary policy :

A — e E (S R e B[S0, 300+ We?]

K=oo K [25:1 Lk} Koo E [ZkK:I Lk]

+D. (3)
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Problem Resolution
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framek—1{  framek | framek+1
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3
So Sk-1

Dicryy D' Wi Diyq Wigq

k-1

o Frame length k: Ly = Dy + W.

o Cumulative Age in frame k: Rk:%(Dk + Wi )?+ Dy (Di—1 + Wi_1).

Delay Dy is i.i.d, for stationary policy =:

A — e E (S R e B[S0, 300+ We?]

K=oo K [25:1 Lk} Koo E [25:1 Lk]

+D. (3)

Qy := %(Wk + Dx)? and Ly are i.i.d = Renewal-Reward Process Optimization
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Algorithm Design (1): Offline Policy

Assuming Pp is known, computing 7*:
E 100 30+ Wi)?]
~* := inflim sup P
T Ko B[ D+ W)

1

fmax

,s.t., E >

K
Z Dy + W)
k:
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Algorithm Design (1): Offline Policy
Assuming Pp is known, computing 7*:
E 100 30+ Wi)?]

K
1 1

~* :=inflimsup P st E = Z(Dk + W) | > .

T K—oo E [Zkzl(Dk + Wk)] K —1 fmax
Step 1: Fractional Programming Reformulation (Assume v* is known)
* H 1 2 * 1
7* =argmin | =(D + 7(D))* —* (D +=(D)) | ,st.E[D + n(D)] > . (4
T 2 N———— fmax
Reward Length
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Algorithm Design (1): Offline Policy

Assuming Pp is known, computing 7*:
E 100 30+ Wi)?]

K
1 1
~* := inflim sup P ,st, E % Z(Dk + Wy | > -
T K—ooo E [Zk:l(Dk + Wk)] =1 max
Step 1: Fractional Programming Reformulation (Assume ~* is known)

x L 2 . 1

7% =argmin | =(D + 7(D))* —* (D +n(D)) | ,s.t.E[D + «(D)] > . (4)
T 2 —_—— fmax

—_——

Reward Length

Step 2: Lagrange Reformulation (for a given )

L(m v = %(D+7T(D))2—’Y(D+7T(D))+l/( L _p_xD) )

max

freq cons,v>0
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Algorithm Design (1): Offline Policy

Assuming Pp is known, computing 7*:
E 100 30+ Wi)?]

K
1 1
~* := inflim sup P ,st, E % Z(Dk + Wy | > -
T K—ooo E [Zk:l(Dk + Wk)] =1 max
Step 1: Fractional Programming Reformulation (Assume ~* is known)

x L 2 . 1

7% =argmin | =(D + 7(D))* —* (D +n(D)) | ,s.t.E[D + «(D)] > . (4)
T 2 —_—— fmax

—_——

Reward Length

Step 2: Lagrange Reformulation (for a given )

L(m v = %(D—HT(D))Q—W(D—HT(D))—FV( L _p_xD) )

max

freq cons,v>0
Step 3:
my,(d) = min L(m,5,v) = (v +v —d)". (6)
Offline Design: Compute v* + v* via Bi-section search Sun et al. (2017)
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Algorithm Design (2): Online Policy

How to obtain v*,v* when Pp is unknown?

* E[L *+v*—D)T)? A~ KT [ x
o v =3 = Q(r) — 7' L(v") =0
Finding root of an equation: Robbins-Monro (SGD) Neely (2021)

@ Dual optimizer v*: Virtual queue to satisfy sampling frequency constraint.
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Algorithm Design (2): Online Policy

How to obtain v*,v* when Pp is unknown?

EG((*+v* -D)) | T

° v = i = Q') — v L(y") =0
Finding root of an equation: Robbins-Monro (SGD) Neely (2021)

@ Dual optimizer v*: Virtual queue to satisfy sampling frequency constraint.

In frame k, observe transmission delay Dy and then:

o Generate Sample/Batch k: Wait for Wy = (vx + vk — Dx)™ to take
sample k + 1. The reward/length of frame k:

1
Qk = E(Dk + Wi)?, L = Dic + W (7)
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Algorithm Design (2): Online Policy

How to obtain v*,v* when Pp is unknown?

EG((*+v* -D)) | T

° v = i = Q') — v L(y") =0
Finding root of an equation: Robbins-Monro (SGD) Neely (2021)

@ Dual optimizer v*: Virtual queue to satisfy sampling frequency constraint.

In frame k, observe transmission delay Dy and then:

o Generate Sample/Batch k: Wait for Wy = (vx + vk — Dx)™ to take
sample k + 1. The reward/length of frame k:

1
Qc = 5D+ Wi)’*, Lic = Dic + Wi, (7)

e Approximate v, via SGD: g, (v) := Q(v) — vL(v), using noisy observation
8. (vk) = Qr — vk Ly for gradient descent:

Yierr = (v + kB ()" = (v + 76 ( Qe — iLi)) " (8)

(nk = Wl‘b' diminishing step-sizes in SGD)
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Algorithm Design (2): Online Policy

How to obtain v*,v* when Pp is unknown?

E[3((v*+v*=D)")’] A, T
° v = i = Q') — v L(y") =0
Finding root of an equation: Robbins-Monro (SGD) Neely (2021)
@ Dual optimizer v*: Virtual queue to satisfy sampling frequency constraint.
In frame k, observe transmission delay Dy and then:

o Generate Sample/Batch k: Wait for Wy = (vx + vk — Dx)™ to take
sample k + 1. The reward/length of frame k:

1
Qc = 5D+ Wi)’*, Lic = Dic + Wi, (7)

e Approximate v, via SGD: g, (v) := Q(v) — vL(v), using noisy observation
8. (vk) = Qr — vk Ly for gradient descent:

Yer1 = (Ve + k8o (’}’k))Jr = (v + (Qx — ’ykLk))+ . (8)
(nk = Wl‘b' diminishing step-sizes in SGD)

o Update dual optimizer vy:

(et - ) )
Vi1 = | e+ (L o .
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Theoretic Analysis (1)

Constraint Satisfaction

Uy records the sampling constraint violation up to the k-th sample. The proposed
algorithm satisfies the sampling frequency constraint in the sense that:

K
i ol
I;(nllgof RE [Z Uk] < 00. (10)

k=1

Proof: Lyapunov Drift Plus Penalty
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Theoretic Analysis (2)-Convergence Analysis

Convergence of proposed algorithm

The time-average Aol of the proposed algorithm converges to A~ almost surely,

J25Ayde

= A, w.p.l 11
K—)oo SK+1 7o Py ( )
and the cumulative Aol regret up to frame K:
Skt1 -
E / A(t)dt| — ArE[Sksa] = O (In K). (12)
t=0

v

General idea: view A; as an ODE, show its convergence to A,«.
Perturbed ODE approach requires perturbations v, within a closed set.

Vi1 = (vk + 7% (Qi — q/kLk))+ = queue = (queue + arrival — departure)+

~k € [0,00), novel analysis using Drift Method from Heavy-Traffic Analysis.

Haoyue Tang Online Data Freshness Oriented Sampling ITA Graduation Day, 2022 12 /24



Theoretic Analysis (3)—Converse Result
Converse Result

Let P, be the set of delay distribution, if D ~ P € P,,, the age optimum
sampling policy is not zero-wait, for any online policy 7:

Sk41
inf sup [ E / A(t)dt
T PEP, t=0

- Z,,*IE[SKH]) = Q(InkK). (13)
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Theoretic Analysis (3)—Converse Result
Converse Result

Let P, be the set of delay distribution, if D ~ P € P,,, the age optimum
sampling policy is not zero-wait, for any online policy 7:

Sk41
inf sup [ E / A(t)dt
T PEP, t=0

- Z,,*IE[SKH]) = Q(InkK). (13)

o Step 1: Aol regret lower bound=-Estimation lower bound of E[(§ — 7*)?]
given k samples.
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Theoretic Analysis (3)—Converse Result
Converse Result

Let P, be the set of delay distribution, if D ~ P € P,,, the age optimum
sampling policy is not zero-wait, for any online policy 7:

Sk41
inf sup [ E / A(t)dt
T PEP, t=0

- Z,,*IE[SKH]) = Q(InkK). (13)

@ Step 1: Aol regret lower bound=>Estimation lower bound of E[(§ — 7*)?]
given k samples.

@ Step 2: Le Cam’s two point method: for any distribution P; and P,

nfsup (=) = (of 2 [ min{PPH(0x). PH@0) ) (19

Construct two probabilities P; and P, that (7F — 73)? is large but
Dk (P1]|P5) is small.
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Theoretic Analysis (3)—Converse Result

Converse Result

Let P, be the set of delay distribution, if D ~ P € P,,, the age optimum
sampling policy is not zero-wait, for any online policy 7:

Sk 41
inf sup [ E / A(t)dt
T PEP, t=0

- ﬁ,,*IE[SKH]) = Q(InK). (13)

@ Step 1: Aol regret lower bound=>Estimation lower bound of E[(§ — 7*)?]
given k samples.

@ Step 2: Le Cam’s two point method: for any distribution P; and P,
nfsup (=) = (of 2 [ min{PPH(0x). PH@0) ) (19
7 P

Construct two probabilities P; and P, that (7F — 73)? is large but
Dk (P1]|P5) is small.

@ Step 3: Estimate v* : g(7*) = 0 = Non-Parametric Estimation of Hélder
smooth function g(+) at a given point 7.
Achievability O(In K), minimax order optimal.
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Simulations (1)
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Figure: Aol evolution with time (red Figusre Aol evolution with frame
denotes the confidence interval). E[[26" A(t)dt]/E[Sk+1]

The proposed algorithm learns the Aol minimum sampling policy adaptively when
T — oo, the learning rate is faster than previous method.
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Simulations (2)
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Tonline Can satisfy the sampling frequency constraint, smaller .V obeys better.
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Challenges—Metric Constraint

Aol: Time difference between data generation and data usage.

Constraints
@ The source sometimes changes fast, sometimes changes slow.

If prior knowledge on how the source evolves can be obtained, Aol may not be a
good freshness metric.
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Challenges—Metric Constraint

Aol: Time difference between data generation and data usage.

Constraints
@ The source sometimes changes fast, sometimes changes slow.

If prior knowledge on how the source evolves can be obtained, Aol may not be a
good freshness metric.

Addressing the change of the source

Online Sampling of a Wiener Source.
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System Model

ACK
P
i |, »TT]
W[‘ Wy Sense and

Sample

@ Point-to-point link: Sensor senses and submits samples to the Destination

Time Sensitive Source

@ Channel: FIFO queue with i.i.d. transmission times
o Feedback: zero-delay ACK

> Busy/Idle state of the channel is known to the sensor.
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System Model

ACK
m“\
/
P diill
\, WJ Wy Sense and

Sample

@ Point-to-point link: Sensor senses and submits samples to the Destination

Time Sensitive Source

@ Channel: FIFO queue with i.i.d. transmission times
o Feedback: zero-delay ACK

> Busy/Idle state of the channel is known to the sensor.

Similar to the previous one, except we have some prior knownledge on source
evolution:
The source X; is now a Wiener process.
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Problem Formulation
Design sampling strategy to minimize MSE

M“
“ ”\ W Sense and

Sample

Time Sensitive Source

Optimization Problem

inf lim sup— l/ (X; — X;)%dt|, (15a)
el T 500
£ liminf~E | S (Sers — So)| > — (15b)
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Problem Formulation
Design sampling strategy to minimize MSE

ACK
m“\
/
P diill
\, WJ Wy Sense and

Sample

Time Sensitive Source

Optimization Problem

1 T .

inf i —E X, — X;)?dt 15

Jnf lim sup /tzo( e — Xe)'dt]| (15a)
1 [&E 1

t. liminf — — >

s.t |;<m—>|£of K]E k,1(5k+1 Sk)] > (15b)

MMSE Estimator:
Xe = Xi(r), i(t) := argmin{R; < t}. (16)

Similarly, consider policies wait for W to take the next sample.
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Problem Resolution

| frame 1, frame 2 frame 3

— X

@ Frame length k:
Ly = Dy + W.

@ Cumulative Estimation Error
in frame k: Ex=
JESP(Xe = Xs,, )dt +

s
ft:k;:Jer (X: — Xs,)?dt.

Value

E [T 406, — X )] +D.  (17)

Ex = limsup M = limsup
Ko BT L] Ko BT (S - 0]

Optimal Policy: Sii1 = inf{t > Ri||X: — Xs,| > /3(v* +v*)},7* Ei?;f:]/ﬁl,
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Simulations (1)
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Figure: MSE evolution with frame E[ftS:‘B“(Xt — X:)?dt]/E[Sk.1] (left); Regret Growth

Rate A, = E [ [ (R - Xt)zdt] — E+E[Ses1]. (Right)

Signal-aware optimum sampling is much better than signal-ignorant Aol optimal
sampling; Regret growth rate of O(In k) is verified.
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Conclusions

@ Contribution:

» The first to use Robbins-Monro to Aol related problems Neely (2021).
» Develop a new method for proving convergence rate of stochastic
approximation algorithm in an open set.
» Converse bound for online algorithm using non-parametric statistics.
@ Research Output:

H. Tang, Y. Chen, J. Wang, J. Sun, J. Song: Sending Timely Status Updates
through Channel with Random Delay via Online Learning, Infocom2022
H. Tang, Y. Chen, J. Wang, P. Yang and L. Tassiulas, “"Age Optimal
Sampling under Unknown Delay Statistics”, submitted to Trans on IT
https://arxiv.org/abs/2202.13367
H. Tang, Y. Sun and L. Tassiulas, “Sampling of the Wiener Process for
Remote Estimation over a Channel with Unknown Delay Statistics”,
submitted to Mobihoc2022
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Thank you! Questions?
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