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> Emerging loV services

® [nternet of Vehicles (loV) technologies enable diverse time-sensitive applications.
® Low-latency services rely on proactive content distribution at MBSs and RSUs.

® User mobility and random requests complicate caching in dynamic loV systems.
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Challenges

® C1. Proactive Cross-tier Content Caching

How to create a strategy that prefetches content from the cloud to

MBS and proactively caches the content onto the RSUs?

® C2. Mobility and Demand Uncertainty

How can we balance the trade-off between minimizing response time

to ensure user QoS and avoiding the overload of limited resources?
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> Model and Formulation
d  System Model

entity notation indication notation
MBS M = {m;} caching decision Hm Hr,
RSU R ={r\} cache indicator Xrupk (1) Yacuy,i ()
content H = {h,} u; requesting for h, n(u;) =a
vehicle (user) U= {u;} size of the needed h, ky, = ay - ¢(hy)
J  Delay Model O Cost Model

RSU: dLrJ,(t) Xt (uj) k t)

e
Veou; cost: Cr(ha) =Y, d)(ha)

ku;
MBS: a0 = (1 = Xatpu®) yuuns O 250 RSU: ¢, (1) = 3, oy Xatupi(D) - €, (hy)
Cloud: d¢ (1) = (1 = Xuu) k(1) * (1 = Vg i (D) - ku; ky;
0= (0= XD (1= Yaeup (0) (VC"’"J' +V’"j"“i) MBS: ij(t) = EhaEH Yr,j (1) - cm(hy)
total delay D, (t) = dj (t) +d] (1) + df (1) total cost (1) = 2 ¢, (1) +s Z Crm, (t)

rk€R m;EM



> Model and Formulation

J Formulation

P1:

s.t.

minimize D = lim

T—>o0

1

T 2teT 2u,-eu D, ()

(1)

Lien, Oha) <60, X oy bha) < ¢(m;), (2)

;
D1 (t) < Cray,

Xn(u,-),k(t)’ yn(u,-),j(t) € {0:1}

(3)
(4)

/_ objective function

f—

Objective: find a caching strategy for contents in H to minimize P1

under the constraints (2)-(4).



> Model and Formulation

1 Reformulation
® Perspective: User leve| === RSU and MBS level

® Method: each RSU r as an individual agent

* caching vector: x, (t) = [xq,(t), xo, (1), -, x,,,k(t)]T, caching decision of r.

° assume y.,,(t) = 1 as baseline, and add when x; )k (1) = Yne),i(t) = 0.

Vc—>m]

> Local loss function: [, (x, (1)) = X ex Xa(t) - AT (1T—x,(t)) - ——

Vr-uj mj—>u,

> RSU total loss: Et 12'R' le (x (1))

> Constraint function: g (x): Et 12“?' c(x¢(t)) =Cmaxy <0




> Model and Formulation
] Regret

* To capture the performance of the online caching algorithm

Each RSU: T T
reg(k, T):=> l(xc(1) = > I, (x")
t=1 t=1

* - T R|
X' = argminyex 2t=1 2k=1 Ik(xk(t))

Theorem 1: Foreach agentr, e Rand T = 1, we have

- F202 _1\2
reg(k,T) < %lRl M+ B, |R|- > + i Clgr;(lm D" with constraint (3).
t Nt—1
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> VOPP framework overview

O Vehicular-based Online Proactive caching and Prefetching

g N multi-scale updating
[ " o greedy-based MBS
geherate candidates initializati
predicted content set value density y — ’ M BS Content prefetCh
with popularities evaluation (Candidates evaluation] time scale
[ density-guided [———
L) ( content complement ] | addition | |
- > | : l
————— G - ——
[ e o o A ] A, > T 0 T
prediction window | : s RSU proactive content caching
I w -steps prediction
o, o e - p : . ) .
b v e uning Sgsaten mar MBS: large time scale update
i
I d t L} L]
g 4 (t) P %) ™ Goscent X% (1) @(}G‘@ rsu *  cover multiple RSUs;

predicted
content table

neighk;or information collection g @ * Iower update frequency;

vy
X (t1) simple .
- 7k (1) RSU: small time scale update
decision refined discretization v
bset i dated A o istri i ide:
comaton| | acien | (¢ o1 bk LauaPamepis J# Proecion distributed near vehicle side;

Xz () W minimum selectionk ’ * hlgh Update frequency;




> RSU proactive cache

O Each RSU acts as an agent that makes caching decisions based on locally

observed requests
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P> Rs

U proactive cache

O User arrival prediction and user arrival table build

Algorithm 1 Module: Multi-Step User Arrival Prediction

Input:

UL, B, a7

Output: Arrival probabilities of users P(t);

1: for
2
3
4:
5
6
7
8

9:

each user u; € U do
Predict w-step future trajectory using social-LSTM;
Initialize counter p;(r;) = 0, Vri € R;
for each predicted location §;(¢) in the w-step do
Find all RSUs 7y, such that §;(t) € coverage(ry);
for each such r do
pi(rk) < pi(re) +1
Normalize: p;(rx) < pi(ri)/w for all 7, € R;
Populate the i-th row p,(?);

10: Return P(%);

RSU

rq ro rs ryg rs re

Pi(ry)

0 0.2 0.2 0 0.6 0

predicted coordinate point i%

[I’5, ra, rs, I's, I’5]

LT [T
0 45 "9
6 M0
prediction window ! - L
8[F F 12,
9 13,
10 14,
1 15

w-step prediction
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> RSU proactive cache

O Transition from user arrival table to content demand table

I _rp = ry rp o Algorithm 2 Mobility-aware Content Table
U pi(ri) hi | Gak Input: P(t), 7(-);
u, fw)=a M Output: Content-RSU probability matrix Q(t) € RIZIxIEI;
: 1: for each RSU r;, € R do
sl hs 2: for each content h, € H do
hy B a,k(t) < 1= [y, ctmu)=all — Pi(T8));
4: Return content-RSU probability matrix Q(%);

« (1=p;(ry)) : the probability of u; did not enter RSU r,.

+ T1, ciynrs (1= Pi(ri) : the probability of h, did not au® 1= []  (=pir)

ujeUn(u;)=a
enter ry. L I
* Qo) < V=TI, cynuy=a (1= Pi(ri)): the probability of | |

h, enter ry. 15



> RSU proactive cache O Decisioning with gradient decent

Algorithm 3 Online Distributed Caching algorithm, (ODC)
Require: Q(t), o, 7, A(): Large time scale: incrementally update x, (t)
Ensure: Proactive caching strategy X'; /_

1: Initialize x;(0) = 0;
2. fort=1to T do

Initial decision X (t) = axg(t — 1) 19): local loss function | local gradient
Split time slot ¢ into 7 slices; > ﬁne gramed shces (12): local loss function k(xk(l))

3:
4:
5: for : =0 to 7 do > fine-tuning steps
6: Update equations (12) and (15) a(15) xk(l) - Xk(l) B [VIk(Xk(l)) + )\k(l)d[g (Xk(l) ]+]
7: Each 7, communicates xk( ) to its neighbors 7;; )
3 Update zx(1) = Z\Rl [A#)]k5%5(2); dual variable
9: Projection xp (2 +[ %) : ))FB (zx(2)); penalty term
: _ [gi(
A Upidate Mple) = = =5, =58 constraint violation
11: Discretization Xz (2) ¢~ 1(xq > 9|Va, € Xg);
12: if constraint (9) does not hold then .
13: Break Roll back and stop tuning: local gradient: step toward lower loss
14: Decision refining with Algorithm 4; penalty term: step away from constraint violation

15: Return X = {Xx(t)[t € {1,.... T} }:

16



> RSU proactive cache O Decisioning with gradient decent

Algorithm 3 Online Distributed Caching algorithm., (ODC) » row-stochastic influence matrix [A(t)]kj
Require: Q(f), o, 7, A(#): reflects how previous neighbor information
Ensure: Proactive Caching strategy A’; _ o

I: Initialize x5(0) = 0; influence current decision.

cfort =11t 1 do
Initial decision Xz (t) = axx(t — 1) + (1 — a)q,():

2

3:

4: Split time slot ¢ into 7 slices; > fine-grained slices

5: for : =0 to 7 do > fine-tuning steps

6: Update equations (12) and (15); 0 Q
g

3

Iy

Each 1y, communiuateq X&( ) to its neighbors 7;:
Update zj(: Z‘Rl [A®)]k5%; (2);

Projection Xk(I + 1) Mp(zk(2));

10: Update A\g(2) = 7[g(xi,§l))]+.

11: Discretization Xz (2) ¢~ 1(xq > 9|Va, € Xg); _ _ o

[2: if constraint (9) does not hold then The intermediate decision vector z, (1) aggregates
~ Bipgale Roll USCRanG Sep g, the decisions of its neighboring RSUs by weights
14: Decision refining with Algorithm 4;

15: Return X = {Xx(t)|t € {1,.... Tk from A(t).
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> RSU proactive cache O Decisioning with gradient decent

’ g %
fine tuning correlation matrix )

Algorithm 3 Online Distributed Caching algorithm, (ODC) =
Require: Q(t), o, 7, A(1): Xk (f) %;1%‘225 X% (1) @‘]‘@ At
O

Ensure: Proactive Caching strategy A’;
1: Initialize x3(0) = 0;

J

neighbor information collection

. Y v
2. fort=1to 1 do =
P ple
3 Initial decision Xz (t) = axx(t — 1) + (1 — a)q,(): m 2t
4: Split time slot ¢ into 7 slices; > fine-grained slices N i —
5 for : = 0 to 7 do > fine-tuning steps i [dualvariab|es]‘{prOJeCUO”]
6: Update equations (12) and (15); b
: Each ry communiuateq X&(') to its neighbors 7;: o
R -of-
Update 2 (1) = 358 [A(#)]ks%; (2); Limiting out-of-bound values
: Projection Xk(z + 1) p(zx(2)); Und :
. | ate dual variable
0 Update Ay (1) — Ll P
11 Discretization Xj(1) ¢~ 1(ra > V|Vt € X;); === Discretize vectors via thresholding
12: if constraint (9) does not hold then
= Break ‘Roll 1iackamid Hop 1wy, === Feasibility check with roll back mechanism

14: Decision refining with Algorithm 4; \
15: Return X = {Xx(t)|t € {1,...,T}} Decision refining
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> RSU proactive cache

O Decision refining

Definition 1 (content loss contribution): the loss reduction when caching content h, on RSU r
is ®(h,, ri) = 1,(0) = I (Xly,=1, x,=0,n,h,)

'/ \ x,(t) = [0700]" : 028 053 044 072 061

continuous 0.31

Algorithm 4 decision refining discretized 0 0 1 0 1 1

Require: decision x(7);
Ensure: decision Xg(#);

[a—y

[ I O UV T o ]

ol L=

©Xp — l(la 75 O‘Vla GXk-

DP object size: content size ¢ (h,)

if X = 0 then storage constraint _ .
Return x;, = DP object value: & (h,, ri) under the predicted
while conlstrumt (9) not holda do user demands
arg ming  ex, (1) {Xx(t)} = 0;
Calculate x* based on DP using prediction values: greedy solution
Xpe (1) = X (t)] arg minge (x, (1) xe ) [e(X);  e————lpy- _ choose the lower [, (x)
Return X;. DP solution

19



> MBS prefetch predicted trajectory window  associate each
—

content set Hmj

predicted content set
I
\

01234 (the blue area parallelogram)  coordinate to MBS
Ui \\
0]1/2]34 0\&2 34 the popularity N°(h,) of each content h, was
trajectory data 0]1/{2)3]4 1/2}3]4 .
(vehicle location) 1]2[314]0112]3]4 accumulated from the predicted content set H,,,
o[1]2]3]4|O0N1[{2[3]4] j
g2 4:\ : Definition 2 (delay reduction): the delay benefit when the
EIN oTTT2 30T 2]3]2 content is cached at MBS i(r;?)’;ead of CI(()OUS:
o[1]2]3]4][0N1]2]3]4 — 0) _ ,
o[1]2[3]a|1[2[3]4 A(ha) = [Dy, (1) Dy, (1) NuieUtng-,
o[1]2]3]4[dl1]2]3]4] -/ \-
0123 4E i
un N\ N
o[1[2[3]4]01[2]3]4
o[1]2]3]4]|o1]2]3]4 Definition 3 (value density): the caching worthiness of the
- (1) f 2 ;‘ }&f 2 ;‘, 7] content h, on a given MBS m;:
\ [l Hy E i/ vj(ha) = N'(h,) - A(h,) /@ (h,)
| 1 -/
{hy I, hs, = ha) : : popularity \- requiring storage
| |

N :
g delay reduction 20



> MBS prefetch > Greedy selection: fill the MBS storage with

high value contents

Algorithm 5 greedy-based complementary prefetch » Top-k value selection: explicitly select high

Require: ¢(hy), N (hg), A(hy) Vh, € H; value contents regardless storage limit
Ensure: decision y,(t);

-~ » Supplementary selection: fill the remaining

1. Calculate value density V;(h,) of each content hy;

2: Construct content list I,,, by descending order of V;(h): MBS storage based on delay reduction A(h,)
3. for h, € 1,,; do > initial greedy caching decision .

4 if ¢(ha) < @(mj) — ZthHmj $(hy) then L greedy selection

5 Hpy < Hpmy U{ha}s § candidate set H,,

6: Construct Hf,tnip(k) = {ha|amgmax] .o Vilha)h ) _ ‘ :

" ﬁmj « H,, UH;:nc;p(k:); _'— top-k value selection

8: H,,, < local optimized using I:Imj as the object set; = |ocal DP optimize, considering only h, in T-I\m.

% ¥;(t) ¢ 1(y; € Hm, |Vy; €¥y); —) nre-decision with DP results :
10: L, = {hia|Ya = Os8rgmss A(R,)}
11: for hy € Ly, do > remaining storage supplement
122 if ¢(ha) < p(my) — ZhbeHmj ¢(hs) then supplementary selection: in case the unpredicted
5 Ya = 1Ya € ¥;(8); arriving vehicles

14: Return y,(t)

21
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> Experiment and Results

(1 Basic Setting

Hardware: Windows 10 with an Intel(R) Xeon(R) Silver 4210R CPU @
2.40GHz, NVIDIA RTX5000 GPU, and 32GB memory.

Dataset: GPS traces from 10,357 taxis (Microsoft).

Center point: Financial Street, Beijing ([116.36032115, 39.911045075]).

Range: 2.9 km2 square area.
longitude range from 116.3518143 to 116.368828;
latitude range from 39.8996048 to 39.92248535;

23



> Experiment and Results

 Evaluation of Average Delay
® VOPP achieves the lowest average transmission delay.

® VOPP maintains high performance with an average delay of 30.34 seconds.

® VOPP maintains low delay without performance degradation.
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Fig. 1. obj. (average latency) for different numbers of users.

[1] Yu, G., He, Y., Wu, J., Chen, Z., \& Pan, J. (2023). Mobility-aware proactive edge caching for large files in the

internet of vehicles. IEEE Internet of Things Journal, 10(13). 24



> Experiment and Results

average loss
= (8] w Py
o (=) (=] o

o

d MBS-layer Evaluation

® VOPP consistently reduces transmission delay as MBS storage increases.

® VOPP achieves more effective caching decisions.

® VOPP maintains low average delay across diverse MBS storage capacities.

G-DG G-VD G-P DP-P VOPP

(a) (m)) = 5G.

average loss

-
o

N (93]
o o

-
o

o

10

average loss

G-DG GVD G-P DP-P VOPP GP DPP VOPP

(b) ¢(m;) = 6G. (c) ¢(m;) = 7G.
Fig. 2. obj. (average latency) for different sizes of MBSs.

10

average loss

G-P DP-P VOPP

(d) ¢(m;) = 8G.
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Experiment and Results

d RSU-layer Evaluation

® VOPP consistently achieves low delay.

® VOPP ensures effective caching by refining decisions based on content priorities.

® VOPP improves caching efficiency and responsiveness to user mobility.
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[o2] w
o o

70

Sy

1357 911131517192123252729313335

-#0DC ---MSTPS-A R-NC -+R-NR

(a) normal (1), large (3).

Fig. 3. obj. (average latency) for different sizes of RSUs.
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(b) normal (2), large (4).
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> Conclusion

VOPP: a hierarchical framework jointly optimizes RSU-level proactive caching and
MBS-level prefetching decisions.

B RSU-level: a distributed online convex optimization model with coordination among
agents and a decision enhancement mechanism.

B MBS-level: a predicted content set and employ a hybrid greedy-complementary
algorithm to generate robust prefetching decisions.

B Experiments: GPS traces show consistent delay reduction across diverse user
densities and mobility patterns.

B Future work:

® |earning-based demand prediction ® federated multi-domain extension

® privacy-aware caching strategies
27
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