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Abstract—The rapid development and usage of large-scale Al
models by mobile users will dominate the traffic load in future
communication networks. The advent of AI technology also
facilitates a decentralized AI ecosystem where small organizations
or even individuals can host Al services. In such scenarios, Al ser-
vice (models) placement, selection, and request routing decisions
are tightly coupled, posing a challenging yet fundamental tradeoff
between service quality and service latency, especially when
considering user mobility. Existing solutions for related problems
in mobile edge computing (MEC) and data-intensive networks
fall short due to restrictive assumptions about network structure
or user mobility. To bridge this gap, we propose a decentralized
framework that jointly optimizes Al service placement, selection,
and request routing. In the proposed framework, we use traffic
tunneling to support user mobility without costly AI service
migrations. To consider nonlinear queueing delays, we formulate
a non-convex problem to optimize the tradeoff between service
quality and the end-to-end latency. We derive the node-level KKT
conditions and develop a decentralized Frank—Wolfe algorithm
with a novel messaging protocol. Numerical evaluations are
used to validate the proposed approach and show substantial
performance improvements over existing methods.

I. INTRODUCTION

The rapid adoption of Al services (e.g., OpenAIl’'s GPT
series) is fundamentally changing the traffic load and dynamics
of modern communication networks. While Al services today
are primarily offered by major companies, predictions (e.g.,
[1]) point towards a more decentralized future Al ecosystem,
where small organizations or even individual users can host
their own Al models, presumably in decentralized networks
with flexible scales and arbitrary topologies.

This poses significant challenges for both users and net-
works. Users have the options of selecting from multiple pre-
trained Al models offered by different providers. These models
provide different levels of service quality (e.g., accuracy) and
latency, requiring users to carefully select the one that best
aligns with their preferences [2]]. The network, on the other
hand, should carefully place the models to keep network
congestion and user latency under control. Recent studies
on Al as a network service examine model placement and
resource optimization under latency/accuracy goals [3[], and
selection across models with heterogeneous QoS [4]], but most
assume centralized control or limited topologies and do not
target fully decentralized settings.

First, Al service placement and selection are very sim-
ilar to those in mobile edge computing (MEC). In MEC,
service selection focuses on choosing the most appropriate
service instance to balance performance and efficiency under
constraints such as latency, quality of service (QoS), and
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Fig. 1: An example edge-cloud vehicular network. Mobile users have multiple
pre-train AI model options.

hardware limitations [5]]. Service placement aims to provide
popular services or network content close to users to reduce
access delay and network load [6]. However, these MEC
approaches generally rely on hierarchical control and are not
designed for decentralized scenarios. Although another line
of studies for content and computation placement support
arbitrary decentralized topologies [7]], [8]], they assume pure
static networks and overlook user mobility.

On the other hand, unlike traditional MEC, AI models
introduce additional challenges. Most notably, the size of
pre-trained Al models is growing exponentially (e.g., GPT-
4 has roughly 1.8 trillion parameters), making it increasingly
difficult for edge servers to host. In conventional MEC sys-
tems, when users move between wireless access points (APs),
service migration is commonly employed to maintain seamless
service delivery [9], [10]]. It transfers the service instance
and its runtime state to a server closer to the user’s new
location, assuming the service is lightweight enough to be
moved. However, the cost of real-time migrating large Al
models is considered impractical [11]]. To address this, we
adopt a more classic and realistic solution: traffic tunneling
[12], where the user’s original AP serves as an anchor. When
the user moves, responses from the remote server are first
routed back to this anchor node, which then forwards the
results to the user’s new location. This approach eliminates
the need to migrate large-scale Al models, instead incurring
overhead in the form of additional traffic flows. A positive
feedback loop exists between request latency and tunneling
flows, which may overload the network if not appropriately
handled. To our knowledge, traffic tunneling-based Al service
placement and selection has never been studied.

In this work, we address the above gaps by developing a
novel framework that jointly optimizes Al service placement,
selection, and request routing under user mobility. The pro-
posed framework supports arbitrary network topologies and
operates fully decentralized via traffic tunneling. A key con-
tribution of our approach is the use of congestion-dependent
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nonlinear costs, which can capture the crucial queueing ef-
fects on network links and processing units. Rather than
modeling individual requests, we analyze the time-averaged
system behavior under homogeneous assumptions. We tackle
the non-convex optimization problem first with fixed service
placement and then extend to the general case. We derive node-
level Karush—Kuhn-Tucker (KKT) conditions, which indicate
intuitively myopic node behavior. We then give decentralized
online Frank—Wolfe-based algorithms that converge to these
conditions via a novel messaging protocol to obtain gradients.
Our major contributions are summarized as follows:

o We propose a decentralized framework that jointly han-
dles Al service placement, selection, and routing under
user mobility using a tunneling mechanism.

o We formulate a utility-minus-cost optimization problem
with congestion-aware costs, and derive node-level KKT
conditions for both fixed placement and the general case.

o We design a decentralized messaging protocol and algo-
rithms convergent to the KKT conditions, then validate
their performance through numerical evaluations.

The paper first tackle the problem under fixed service
placement in Section [[I] and [ITI] then extend to joint service
placement in Section and provide numerical evaluation
results in Section [V| Due to space limit, we put the proofs of
propositions and theorems in supplementary document [[13]].

II. FIXED AI SERVICE PLACEMENT
A. Al-driven network with mobile users

Network and Al services. We consider a directed, connected
graph G = (V, £) with arbitrary topology, where V are static
nodes (e.g., APs, RSUs, edge servers), and £ are links. For
node 14, let \V; denote 7’s neighbors {j : (7,5) € £}. Nodes
in V have heterogeneous capabilities of communication with
neighbors, hosting pre-trained Al models, and serving infer-
ence requests.Mobile users access the network by associating
with nodes. Let U/ be the set of users, and assume user v € U
is associated with node v, (t) at time slot ¢£. Communication
and computation in the network are driven by a set of Al tasks
K. Every task k € K can be fulfilled by a set of (different)
pre-trained models M}, in the network. We define a service
as a pair (k,m) for k € K and m € Mkﬂ and S be the set of
services. In this section, we assume fixed service placement:
each (k,m) is hosted by a known, non-empty set Xy ,,, C V.

Requests handling. During time slot ¢, user w issues a request
for task k with probability r¥(¢) € [0,1]. For task k, user
u can specify models in My, by model selection decision
skm(t) € [0,1], ie., a fraction of s5™(t) of rate r¥(t) is
assigned to model m € M with 7 . skmt) = 1.
After model selection, requests (k,m) for m # 0 are routed
through the network in a hop-by-hop distributed manner to
a node that hosts the service (i.e., in set X} ,,). If the user
remains stationary, the inference result is then delivered back

along the reversed path of the request (we defer the mobility
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Fig. 2: Traffic tunneling and impact on request latency.
handling right after). The network routing is controlled by
routing decisions qﬁfjm(t). Specifically, requests for (k,m)
arrive at node ¢ from two sources: (i) exogenous requests,
issued by users currently associated with ¢, and (ii) endogenous
requests, forwarded from neighboring nodes. Of all arrival
(k,m)-requests, node ¢ forwards a fraction of gbfjfm(t) €
[0,1] to each neighbor j € N, with the flow conservation
Y en, 05" (1) = Liga, . Namely, if i € Xy . it provide
service (k,m) and act as a sink of requests; otherwise, it
forwards all arrival requests to neighbors. Such a hop-by-hop
routing scheme aligns naturally with decentralized control and
has been widely adopted in data- and computation-intensive
networks [8], [14]]. Conceptually similar to MoE gating [15],
we consider choice-dependent utility, capturing heterogeneous
Al outputs: for each fulfilled request of service (k,m), the
user obtains a utility uy ,, > 0, reflecting the inference quality

(e.g., accuracy or user satisfaction) of the selected model.

Traffic tunneling. Since large Al models are impractical to
migrate in real time, we adopt traffic tunneling to handle user
mobility. Suppose user u issues a request for service (k,m) at
time ¢, the node ¢ = v, (t) serves as an “anchor”, so that the
result is always sent back to ¢ upon completion. Let D7,
denote the “static” round-trip latency of the request, measured
from it being generated until the result returns to . If the user
has moved during this time, i.e., v,(t + Df’k’m) =j # 1,
then the anchor node ¢ will forward the result to the new
access point j to reach the user. We assume tunneling occurs
over at most one hop, ie., vy(t + D7, ) € Nvu(t)ﬂ Such
tunneling scheme (Figure [2[(a)) aligns with our decentralized
setting, however, inducing a positive feedback loop: tunneling
adds extra transmission, increasing overall latency, which in
turn triggers more tunneling. We aim to manage the tunneling

flow to stabilize and optimize the system.

B. Time-homogeneous formulation

Time-homogeneous network. We adopt time-homogeneous
approximations to simplify the system dynamics. Assume the
aggregated request rates received at each AP are quasi-static,
and the request for k received at node i is time-invariant rf,

k() — pk
Zuebl:vu(t):i "u (t) =r/, Vi (D)

We also replace the time- and user-dependent service selec-
tion s%™(t) with a node-based time-invariant variable sf’m,

skm(t) = Yu : vy, (t) =1, V. (2)

k,m
u 5;

1 )

2Multi-hop transitions are extremely rare in practice.



We denote by vector s = [s™] the global service selection
variable, with the following constraint holds,

> si™ =1, VieVkeKk. 3)
meMy,
Similarly, we use time-invariant routing variable gbfjm
km _ km
GET = O™ (b), Y 4)

and denote by vector ¢ = [qﬁfjm} the global routing variable
with the flow conservation given by

Z]eN o5 = Ligx, ., Vi€V, (k,
We remark that in practice, ¢ can be implemented by simple
probabilistic request forwarding, i.e., when node i receives a
request for (k,m), it forwards it to j with probability qﬁfjm.

with

m)eS. (5

Service latency. Request latency is incurred at both traversed
links and the service-hosting node. We assume both delays are
dependent on the link flow or node workload, capturing the
crucial queueing effect. Let fikj’m be the steady-state request
rate of service (k,m) on link (i,7) € £, given by

k, k,m k,
fq',jm = ¢ijmt1: ", (6)
where tf’m is the total received request rate for (k,m) at node

i, given recursively by
k k m k m
; . 7
2w D ™

tk mo__
Let ;9 and L}, be the size of request and result packets,
respectlvely, then the total flow rate on (4, 7) is

Fyj = FS + Fim, 8)
where F7; is the static flow given by
o __ req pk,m res k,m
Fy = s (B 5™ + LE L") ©)

and F;;'“ is the tunneling flow (extra flow due to traffic
tunneling), given later in (T6). We denote the expected packet
delay on link (7, j) by d;;(Fj;), where d;;(-) is non-decreasing
and convex. e.g., the average M/M/1 queue sojourn time [16]
dij = 1/(pij — Fij), (10)
where ;5 is the service rate (i.e., capacity), given Fy; < 1;5.
Let Wi, be the single-request computation workload for
(k, m), the total workload at node i is

i — k,m .
Gz - Z(k,m):iekaL Wk,mti s VieV (11)

Similarly, let ¢;(G;) be the expected request delay at node i,
where ¢;(+) is non-decreasing convex, incorporating delay due
to computation processing and congestion effect.

The end-to-end latency of a request comprises three parts:
(i) request transmission delay, (ii) delay at the service-hosting
node, and (iii) result transmission delay (on the reversed path).
Thus, the static round-trip delay D? is given by

i,k,m

Ipl—
Zpepk m ]Pp (cpp + Z WP15+1 + dp1{+1pz)> + dap,

where p is a routing path, i.e., node sequence (p1, p2,- -+ ,Djp|)
with ¢p, .., > 0 set Pf "™ denotes all paths for service (k,m)
starts from 4, i.e., p1 = 1, pp| € Xk m; constant dap is the
user-AP wireless access delay;and P, = }p:ll piss 1S the
probability that path p is taken under ¢.

Moreover, the expected end-to-end latency of service (k, m)
issued originally at 7 is:

Di,k,m == D;’,k:,m + Z]EN
where p;; is the tunneling probability, i.e., the chance that
user moved to j during time DY, . given later in (I3). EI

k md”, (12)

7’I’TL

Tunneling flow. We assume users have homogeneous move-
ment patterns with the classic continuous-time Markov chain
model [17]. Let A;; > 0 be user transition rate from ¢ to j, and
let A; =>° JEN: Aij» the user association time at ¢ denoted by
Thold follows an exponential distribution

Froa(T) = Nje™8T T >0. (13)
After association ends, the probability of transition to j is:
Gi; = Aij /M. (14)

Therefore, the tunneling probablhty during D?

zkm

P = G P{DY > TP} = i (1 —e‘AwDi-rk«m) (15)
and recall that tunneling flow on (i,j) is incurred by 4
forwarding result packets of users moved from ¢ to j, we have

tun __ res .k _km_km
FM =37 omes Homrisi " (16)

Figure [2{b) illustrates that tunneling can significantly increase
overall service latency as user mobility intensifies.

Quality-latency tradeoff. Let 1 be the system’s quality-
latency tradeoff preference, we maximize the average request
utility minus latency over service selection and routing:

k,m
. Dicy Dokek ry Zme./\/lk ;" (Muk,m — Dikm)
max ) = .
s, Diev kek T
st. $>0,¢ >0, and (3),() hold (PO)

Problem captures the tradeoff between Al service qual-
ity and experienced latency across all requests. It is difficult
as D; i.m is highly coupled through links along the paths. We
reformulate into a more tractable form.

man—ZD”—i—ZC Z Z ukmrkkm

(i,4)€€ i€ VYul i€V (k,m)eS
st. >0, ¢ >0, and (3),@) hold (P1)
where Dij = Fijdija Cz = G,’Ci, and ﬂkm = NUuk,m —
dapl,2o is the modified utility.

Proposition 1. With fixed {rk}, (PI) is equivalent to (P0).
Specifically, it holds J = — (32,3, 7¥) Q for any (s, ¢).

We remark that (PI) is non-convex in (s, ¢). While (PI)
structurally resembles previous models (e.g., [[18]), the inclu-
sion of tunneling introduces significant complexity. Theorem [I]
gives a set of KKT necessary optimality conditions for (PT)). It
aligns naturally with decentralized decision-making, and nodes
need only act “myopically” based on the marginal costs. e.g.,
for service selection, user at ¢ should assign new requests to
the minimum-marginal model 0.7/ as?m; for routing, node @
should forward marginal incoming requests of (k,m) to the
neighbor j minimizing 9.J/ 8¢f]?m.

3For local models m = 0, we assume DHk0 = ¢y, With a constant c,,.



Theorem 1. Suppose (¢, s) optimally solves (PI)), then

; aJ ek
oJ = MMy M, m, lf‘Si m >0,
9 k,m > mi alJ .. kmo 0 (]73.)
S; Z MMy e M, 9s k,rm chi =Y,
K,
oJ mlnle./\/L 3¢k KR if ¢ijm >0, (17b)
k,
093" | 2 minens gk, i 6" = 0.

In general, condition (17)) only guarantees the necessity for
optimality. Nevertheless, for a simplified system with linear
(congestion-independent) costs, it is sufficient for optimality.

Proposition 2. Suppose r¥ > 0 forall i € V and k € K. If
d;j(Fij) = di; with constant d;; > 0 for all (i,7) € £, and
¢i(G;) = ¢; with constant ¢; > 0 for all i € V UU, then any
(s, @) feasible to (P1)) and satisfying is a global optimizer.

III. DECENTRALIZED ALGORITHM DESIGN

In this section, we propose a decentralized method to obtain
(s, @) that satisfies KKT condition (I7). We first decompose
gradients 9.J/ds"™ and 8.J/ 8¢k "™ involved in (I7). Let

kom km
G = Z]—GN. fji

denote the endogenous arrival rate for (k, m) at ¢, then ¢,”
rEsP™ 4 %™ For m 7£ 0, let 52 "™ be the marginal latency
caused by 1ncreased ™ and 7,°™ be the marginal latency

. k
caused by tunneling 1ncreased exogenous arrival rate 7¥s;""",

km _ Tk,m
o6 =9 (Z(p q)€E Dypg + ZPEVUL{ Cp) /8ti » (19)

(18)

km

km _ rres k,m

T = Lkm D’ 5 (Fij)pi; (20)
Then the gradients can be decomposed using 5 ™ and 7'
Theorem 2. For m = 0 (local models),

0T[50 = rB (Wi mcw — tpm).- (21a)

For m # 0,

07 /05y = vk (85T 4 TET g ) (21b)
82;{ =t (L0 33270 + Lffmi;; +67M). (2lo)

For i € Xy p,
6P = Wi mCHGY). (22a)

is recursively given by
. oJ oJ

ghm N gk (e

' Z %" (L 3Fg OF¢,
JEN; R

For i & Xy, §hm

3

+ L, +67™). (22b)

We will give 0.J/0F; in (26). Theorem [2] is the first to
generalize the classic recursive gradient decomposition in [[14]
to analytically incorporate user mobility. When users are static
Aij = 0 and request/result sizes simplify to ;') =1, L} =
0, the above recovers the analysis in [14] exactly. Based on

Theorem [2 using only local and neighbor information, we

design a Decentralized Messaging Protocol (DMP) to estimate
8.J/9s™™ and 0. /8¢1C " We provide general ideas of DMP
and refer readers to [13] for details. Figure |§| illustrates DMP
at a relay node 7 connected with APs j;, j2 and server s.

In DMP, two types of control messages, MSG1 and MSG2,
are propagated in the network. The intuition of DMP builds
on classic recursive messaging schemes [8]. In [8]], control
messages propagate upstream along request paths, to inform
each node of downstream network status and thus adjust
local routing decisions. In our case, this idea is retained
in MSG2, which propagates 6°™ upstream based on (22).
However, (22b) depends on 9.J/0F}; that cannot be obtained
locally. We thus use a new pre-stage message MSG1, which
propagates downstream to compute 9.J/ 8F1-°j before initiating
MSG2. This two-stage messaging enables fully decentralized
gradient estimation even with mobility-induced tunneling.

To estimate gradients, node i obtain d;j, d;, Dj;, qij> Aij»

’Lj’
¥ locally, and estimates D7, via request RTT. Then, it

calculates 7™ (by (@0)), and Bjj, m}"™ defined as:
. ! k.m  k,m —A Dl m
B;j = Alq”d (Z(k m)es T ¢” k, ) , (23)
k,m

Mo A kM = ADT E ! o
m;" =N e k ( jeNiDijqU)'

Messages MSG1 are propagated downstream to calculate:

(24)

km __ k,m 4 rk,m k,m
M = ZleM G My A+ (25)
After obtaining M, km gor all services, node ¢ calculates
aJ k ,m k,m
OF° = D/ Z ?Sm M d/ /( - BZJ) (26)
ij
Theorem 3. Suppose ¢ is loop-free, then 0J /8Fl‘3 is given

by [@6) with variable M*™ recursively defined in ([23).

km _ pk, k.,
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Fig. 3: Illustration of MSG1 and MSG2 propagation in DMP.

(b) MSG2: upstream propagation

After obtaining gradients via DMP, each node independently
updates its variables (s, ¢) through a Frank-Wolfe update
similar to [8]. We assume the network starts at s(0), ¢(0),

with loop-free ¢(0) and finite J(0). Let s = [sP™],nen,
and @™ = [¢}"]jep, for n > 0,
st(n+1) = sf(n) + a(n) (di4(n) - (),
$I(n+ 1) = $17 () + a(n) (), (1) — S () 2T)
the update directions d; ; (n) and d’75
d; x(n) = arg mingeps <V1 kJ ), d),
<vjk,mJ(n), d),
a(n) is the step sizes; V3 kJ = [8J/8$f’m
Viemd = [0J/005™

'Lk:m

(27a)

m(n) are given by:

(28)

dfkm(n) = arg mmdeD¢

]mGMk and
. s @
Jjev are gradients; D;, and D7, .



are feasible sets, defined by
Di = {sf >0:(@) holds},
{¢>’“" > 0: @) holds; ¢5;™ = 0,V erv’"}.
Set Bf " CV is the blocked node set invented by [14] that
guarantees qb( ) are loop-free throughout the algorithm. Since

D7, and Dz km are standard simplices, linear programming
admits closed-form solutions d;,.(n) = €m*  (n) and

zkm

d?k () = €js (n), where ey is the standard basis vector

with the k-th entry being 1 and all others being 0, and

mj (n) = arg ming, e pm, 8J/88f’ml (n), (29a)

Jikm(n) = argming,  gr.m 0J /0" (n). (29b)

This aligns with our aforementioned intuitions of (T7),

i.e., choosing the service/forwarding decisions with minimum
marginal costs. Algorithm [I| summarizes our local update.

Algorithm 1: Local Frank-Wolfe update (LFW)

Output: Variables s(n), ¢(n) for n > 1.
1 Determine sets ;""" by network routing protocol.
2 At end of n-th slot, node i do
3 Obtain 0.J/0s(n) and 0.J/0¢(n) by DMP.
4 | Determine indices m;, and j;; . by 29).
5 | Update s¥(n+1) and ¢! (n+1) by @7).

Theorem 4. Suppose VJ is L-continuous, «(n) satisfies
Yool a(n) = oo and Y07 a(n)? < oo, Algorithm
converges to a limit point (s*,¢*) = lim,,_,(s(n), p(n)),
where (s*, ¢*) satisfies condition (7).

IV. OPTIMIZED Al SERVICE PLACEMENT

Extended system model. We extend our framework to jointly
optimize Al service placement (i.e., determining sets X} ,,)
via binary variable :L'f’m, namely, z;”"™ = 1 if ¢ hosts model

m for task k, and 0 otherwise.Let & = [2/"] denote the
global service placement decision, with the following hold
mod , .k,m :
<
Z(k es Lyos af R;, VieV, (30)

where Lm"d is the resource occupancy of (k,m) and R; is the
capacity of node 7. Then (5) becomes

¢k,m 1 k,m
jeN; T4 Tio

implying node ¢ either hosts service (k,m) or forwards all
arriving (k, m) requests to its neighbors. To address the com-
binatorial difficulty, we adopt a relaxation approach similar to
[18]]. We treat xf’m as independent Bernoulli random variables
with 4™ = E[z5"™] € [0,1] being the probability that i hosts
(k,m). We thus optimize over vector y = [y:C ™, with

Dy T S Riy T3 O =1 3D

The expected computation workload at node 1 1S now
_ km km .
G, = Z(k,m)es Wk,m Yt VieV.

€Y

(33)

7

With these extensions, the joint optimization problem for
service placement, selection, and routing is cast as

J:ZDij'i_ZCi_ZZukmrk krn
,j i

i km
st. $>0,¢>0,1>y>0,@).@).G2) hold

Theorem 5 (KKT with service placement). Suppose (s, ¢,y)
optimally solves (P2)), then (I7) holds. It also holds that

min
ENCRY]

(P2)

Eom' ., kmo
Z mln(k/ meS:yr ™ >0 &y =1,
k,m Eom' ., kmo
gi < Hun(k’,m’)ES:yéC 50 5 lfyl =0,
i k”,m/
= MG syt ™ >0 AL
(34)
km _ . k,m d
where £ = (mlnjeM 9J/0¢;; ) [ LR

Condition (34) indicates that each node ¢ prioritizes hosting
services based on the marginal latency reduction per unit of

hosting resource, captured by ff " Moreover, Theorem
applies with the recursive decomposition (22 generalized to

5km_yz kac+z ¢kmL;:qm8i]U+ r]:smaa};]o 6km)
JEN;

We omit the decentralized algorithm for the optimized Al
service placement case as it is almost a replica of Sec
With y involved, the simplification (29b) no longer holds. We
present in [[13]] a valid simplification for Frank-Wolfe update.

V. NUMERICAL EVALUATION

We conduct a flow-level numerical evaluation of the pro-
posed algorithm and baselines on both synthetic and real-world
network topologies: grid: A 5 x 5 grid network. MEC: A 3-
level 3-ary tree with same-parent nodes linearly connected,
representing a typical hierarchical MEC architecture. ER: A
connectivity-guaranteed Erd6s-Rényi graph with edge proba-
bility p = 0.15. D—-Tel: The backbone topology of Deutsche
Telekom. SW: A Watts-Strogatz small-world network.

We summarize key parameters of these scenarios in Table
Moreover, we assume ¥ = 1, Lreq =0.25, L5, = 0.75, and
Lg“’ﬂl follow the sequence [10, 20, 30, . ..], with corresponding
utilities Uk,m = [0.1,0.3,0.5,...]. Delays on links and nodes
are approximated via a third-order Taylor expansion, with ji;;
and v; as service rates. Mobility transition probabilities g;; €
[0,1] are war. with 37, ¢;; = 1. We set the latency-utility
tradeoff parameter to n = 1.

Beyond the proposed decentralized protocol DMP—LFW-P,
we implement the following baselines: LFW-Greedy: Uses
DMP and LFW, with each node greedily serving the most
popular services (based on tf’m) until capacity is filled.
Static-LFW: A static variant of [§]], approximating gradi-
ents as 0.J/OF; = Dj; without propagating MSG1, thus ig-
noring tunneling. SM: Models latency under service migration,
assuming entire models are transferred between same-layer
nodes upon user transitions. LPR [19]]: Solves a linear program
for model selection and routing under greedy placement,
ij| ;=0 and c;|g;=0. MaxTP: A flow-
level approximation of backpressure-based scheduling that
minimizes the maximum local queue size.




3 DMP-LFW-P

X1 LFW-Greedy E=A Static-LFW BN LPR I MaxTP

Name ‘ vkl IS ey v A R
grid 9 5 15 10 10 0.10 20 o754
MEC | 13 5 20 10 10 0.10 20 4.
ER | 30 20 40 15 15 0.5 30 |
D-Tel | 68 30 100 15 15 0.15 30 0.00
SW 120 45 150 20 20 0.15 30 grid(rand)  grid(uni)
TABLE I: Scenarios Fig. 4: Normalized objective J in all scenarios
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Fig. 5: Convergence trajectory Fig. 6: Overhead Fig. 7: J vs. Ay Fig. 8: QoS-latency tradeoff

We set a = 0.05 and construct Bf "™ to resemble a service-
specific DAG with maximal edge coverage. Figure [4] shows
the normalized convergent J across scenarios excluding SM.
For grid, we compare grid(rand) (random g;;) and
grid(uni) (uniform g¢;;). DMP-LFW-P consistently outper-
forms all baselines, achieving up to 17% improvement over
the second best. Gains are more prominent under directional
user movement. LEFW-Greedy and Static—LFW ablate joint
service placement and tunneling awareness. LPR performs the
worst by ignoring congestion, while MaxTP is second worst
due to not directly optimizing latency. Notably, our method
yields increasing benefits as network scale grows.

We further investigate grid in detail. Figure [ illus-
trates convergence trajectories. Figure |§| compares per-node
communication and computation overheads. All distributed
methods exhibit per-node complexity O(|S||NV;|); we evaluate
computational load via its coefficient and communication via
average control messages exchanged. Figure[7] shows objective
J versus user transition rate A;. As mobility increases (e.g.,
A; > 0.1), congestion sharply rises, degrading performance
across all methods. In this high-mobility regime, MaxTP
approaches the performance of DMP-LFW-P.

Figure [§] illustrates the tradeoff between QoS and latency
under different preference n. Each point on the curve reflects
the converged state of DMP-LFW-P. Higher n leads to in-
creased average QoS, but also to superlinearly growing latency,
indicating an increasing marginal delay for each QoS gain.
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