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Abstract

Collaborative inference (CI) in NextG networks enables battery-powered devices
to collaborate with nearby edges on deep learning inference. The fairness issue
in a multi-device, multi-edge (M2M) CI system remains underexplored. Mean-
field multi-agent reinforcement learning (MFRL) is a promising solution due to
its low complexity and adaptability to system dynamics. However, the mobile
nature of M2M CI systems hinders their effectiveness, as it breaks the premise of
stable mean-field statistics. We propose FOCI (Fairness-Oriented Collaborative
Inference), an RL-based method with two components: (i) an oracle-shaping
reward for approaching max-min fairness and (ii) a competitor-aware observation
augmentation for stabilizing device behaviors. We provide a convergence guarantee
with bounded estimation errors. According to the results from real-world device
mobility traces, FOCI demonstrates the best performance across multiple metrics
and tightens the tails. It reduces worst-case latency by up to 56% and worst-case
energy by 46% compared to baselines, while halving the switch cost and preserving
competitive QoS.

1 Introduction

Collaborative inference (CI) in mobile edge computing is attracting increasing attention in next-
generation (NextG) wireless networks, where devices collaborate with nearby edge servers to perform
deep learning inference. Such collaboration alleviates the computational burden on battery-powered
devices, thereby extending their battery life and reducing service response latency |Li et al.|[2020]]. In
practice, such as city-wide AR assistants Khan et al.|[2023]],[Wang et al.|[2023]], CI often manifests
as multi-device-multi-edge (M2M) deployments, where devices autonomously request collaboration
from edges and edges allocate resources accordingly. While most existing works optimize throughput
or energy efficiency |Li et al.| [2023]], |Liu et al.| [2023] 2024]], few address fairness, i.e., improving
the worst-off Quality-of-Service (QoS) across devices. Moreover, many solutions presume a central
controller Tang et al.|[2021]] or rely on excessive peer information exchange Mohammed et al.|[2020],
both impractical at scale. To this end, we exploit multi-agent reinforcement learning (MARL) for its
decentralized decision-making and adaptability to dynamic environments |Gao et al.|[2024], L1 et al.
[2025]).

The effectiveness of some prior MARL-based CI methods requires per-device policies, which forces
costly retraining once environments change and limits scalability |Xiao et al.|[2023} 2022]. Other
approaches rely on detailed per-neighbor telemetry for coordination, which conflicts with privacy
constraints Jiang et al.|[2020]]. In an M2M CI system, homogeneity of devices is natural, since those
who subscribe to the same services generally share the same inference model and are only allowed to
collaborate with nearby edges. This motivates us to adopt Mean-Field MARL (MFRL) |Yang et al.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Al and ML for
Next-Generation Wireless Communications and Networking (AI4NextG).



t=T t=T+1 =7 Trrelevant ~~~
@ . ° () ° 2w
e Toere TV il AT
! f h K ’ R a oll 4 ’ Y
lr' J LA™ C 2 e t=T i ° o o A
[ ! y N { '
. @ @ @ ‘o \@ e\ II R S W o |
P : 2 I ‘\
Y 2k e 2o
° L e \\ L t=T+1 o~ 4
b - Mean-fieldaction . jreleva
() [ () @ “~-—__--"@® () () Irrelevant Y
A A distribution A ¢
(a) High-variance proximity-based statistics (b) Irrelevant devices

Figure 1: Illustration of mobility challenges of mean-field statistics existing in an M2M CI system.

[2018]), which conditions decisions on a mean-field statistic rather than explicit neighbor information,
retaining scalability and privacy guarantee.

The effectiveness of MFRL relies on the premise that mean-field statistics are stable and informative,
i.e., that the set of neighbors for each device remains consistent over time |Sriram Ganapathi et al.
[2022]. However, due to device mobility, each device’s neighborhood and connections change
frequently, as shown in Fig.[Ta] This renders spatial-proximity-based statistics high-variance and
noisy, undermining their effectiveness. Expanding the neighborhood helps reduce variance but dilutes
the signal with non-influential devices that do not tend to compete for resources with the target device,
as shown in Fig.[Tb] Including these irrelevant devices in the observations during training may lead
to slow convergence.

In this paper, we propose Fairness-Oriented Collaborative Inference (FOCI), an efficient MARL
method tailored for M2M CI that achieves fair QoS across devices with minimal coordination
overhead. It combines two key components: (i) Oracle-shaping fairness rewards (OFR): each edge
feeds back a max-min reward as an oracle fairness signal to guide device learning toward globally fair
outcomes; and (ii) Competitor-aware observation augmentation (COA): each device augments
its observations with the behavior distribution of potential resource competitors, yielding stable
mean-field statistics. We prove that FOCI approximates equilibrium within a bounded error. Our
experimental results validate its effectiveness with realistic mobility traces, showing substantial gains
in worst-case latency, energy consumption, and QoS over strong baselines. Our contributions are
summarized as follows:

* We propose an RL-based method, FOCI, and provide a convergence analysis of its bounded error.
* We apply an oracle-shaped reward to guide training towards a fairness target in the M2M CI system.
* We augment observation with potential competitor behaviors to address the mobility challenge.
» We validate it with real-world mobility traces to prove its effectiveness in the M2M CI system.

2 Preliminary

Mean-field approximation in MFRL. The interaction of agents in MARL is naturally modeled
as a stochastic game [Littman|[[1994] with joint policy = = {n!,..., 7 }. A Nash equilibrium 7*
satisfies, for every agent m, state s, and feasible unilateral deviation 7™, that the following inequality

o (s ) <o (sirlt ™), Vse S, vaT M

holds, where 7" denotes the policy profile of all agents except agent m; S is the state space; and
v™ represents the value of the current state s. Nash Q-learning [Hu and Wellman| [2003] solves
this by alternately calculating the stage-game NE and updating Q-values at each stage. However,
this approach yields unacceptable combinatorial complexity in large-scale M2M CI due to the need
to evaluate all possible joint actions. In contrast, MFRL significantly simplifies the interactions
by conditioning each agent’s update on compact mean-field statistics rather than on per-neighbor
telemetry exchange. The rationale behind this is that, under homogeneity and locality assumptions,
average behavior patterns matter more than any individual agent’s behavior. Specifically, the action-
value for agent m, Q™ (s,a™,a~"™), is approximated by Q™ (s,a™,a™ ™) ~ Qm(s, a™, ém), via
first-order mean-field (Taylor) expansion, where a™ € AlI=1 is the empirical action distribution of
agents in a neighborhood N'™ (e.g.,a™ := E,4am)[e(a™)], with e(-) one-hot over |.A| actions).



This compacts the exponential dependence on the number of agents to a size-invariant representation,
enabling efficient Q-updates.

3 M2M CI system model and problem formulation

System model. An M2M CI system is deployed in a densely populated area, as shown in Fig.[2] A
cluster of edges N\ collaborates with a set of battery-powered devices M roaming in this area to
provide inference services. The inference model on each device is abstracted as a K -layer structure.
Devices autonomously make CI decisions A™ = {u™, k™ }, including edge selection v™ € [0, N]
and model partition k™ € [0, K], based on their local observations 0™, such as hardware status and
channel conditions. Specifically, {u™ = 0,k™ = K} indicates fully local inference. Each edge
has L allocatable Streaming Multiprocessors (SMs). Once a connection change is detected, edge n
updates its allocation pattern £,, = {I""} o4,, for the currently connected device set M,,. Edges are
assumed to be selfless and always fully utilize all available resources.

. X MPS — —o Wide-band Streaming
= Moving ”’ Wireless Link o Multiprocessors
Edge #1 l —
e m S~ — Parallel | Local Collaborated
E w Edge #2 ‘FL ‘. ‘% Pods segment segment
’ E I_— “
|

Intermediate | _ , ,
‘e AN /' ‘*‘* B = R

_______ Collaborative Inference
A
o Remaining
Edge #3 Battery Capacity

f

Figure 2: Diagram of M2M collaborative inference system.

Performance metrics. The common QoS criteria include latency D™, energy consumption £E™, and
connection switch cost C"* when a device changes its collaborating edge due to mobility. Formally,
the QoS for each device is given by

R™(A™, L) = —(aE™(A™) + BD™(A™, L") + yC™),
where «, 3, and v are weighting coefficients. The QoS is affected by the joint CI decisions across
all devices. In particular, the partition decision k™ determines the model segments on the local and
edge sides, thereby influencing the corresponding latency and on-device energy consumption. The
connection decision u™ influences the transmission latency and energy. Note that the inference

latency on the edge is also affected by u™, since the connected set M,, competes for resources on
edge n.

Learning objective. We seek to achieve QoS fairness among devices collaborating with edges. We
formulate the following max—min optimization problem:

(P-Orig) Z/r{n}gu);(min{Rm(Am,l,’fb)}/\/l) st D™ < D 2)

where {U, K} are the joint actions of all devices, £ is the joint resource allocation of all edges, and
D5t is a latency constraint that ensures valid actions. Since edges make passive decisions based on
existing device actions, the edge behavior can be defined as a mapping F : (U, K) — L. The original
problem (P-Orig) is then reformulated as an MARL problem under device mobility and limited
observability. Specifically, we aim to obtain the optimal device policies for max—min expected QoS:

. t m m
(P-MARL) max min ETNPNL;V R™(A ,]-")] (3)

where y € (0, 1) is the discount factor and P™7 is the trajectory law induced by the device policies
7 and the environment with edge behavior F. Our solution to (P-MARL) builds on MFRL, which
offers scalability and privacy preservation by conditioning device policies on aggregated mean-field
statistics rather than per-neighbor telemetry. However, in M2M CI systems, this naive mean-field
assumption often fails: device mobility introduces high variance into local means, while relevance
sparsity dilutes global means, both of which can mislead learning. Furthermore, MFRL does not
explicitly align individual device updates with the system’s global max—min QoS objective.



4 Method

We propose Fairness-Oriented Collaborative Inference (FOCI) to achieve fairness in MARL with
performance guarantees. The fairness issue in (P-MARL) is first addressed by enabling an oracle-
shaping fairness rewards to guide the training. We then handle the mobility challenge in MFRL
through competition-aware observation augmentation. The convergence analysis of the bound gap
equilibrium for FOCI is presented in the end.

4.1 Oracle-shaping fairness rewards
Oracle-shaping with a different runtime allocator. The difficulty of solving P-MARL arises
from the coupling between proactive devices and passive edge allocators. To align learning with
max—min fairness, we introduce a per-edge fairness oracle {F.* } used only for shaping the reward for
each device. The F;; is defined as the solution to the following max-min reward problem
(P-EDGE) R} := H[liX mlél}&n R™(A™, 1Y) “)
where I, is the oracle-shaping reward. Each device independently solves the above problem with
joint decisions from connected devices {u™, k™ },,e m, - The oracular reward is fed back to the
corresponding device set M, for updating thelr policy i 1n each step.

To obtain oracle rewards efficiently in highly dynamic environments, we propose a polynomial-time
min-risk search algorithm. Specifically, the original problem is first relaxed to a minimax linear-
fractional programming problem, and then solved by the Interval Partition Linearization-based Local
Search (IPLS) algorithm Zhang et al.|[2023a] to obtain the optimal continuous solution L. After that,
we apply a min-risk backtracking step to round it to an integer solution, removing any over-allocation
while minimizing the drop in the worst-device reward relative to £ . This pipeline yields a discrete,
fairness-aligned allocation suitable for training. See Appendix A for the algorithm details.

Complexity analysis for fairness-oracular rewards. In the worst case, obtaining £} requires
traversing all intervals with the dichotomy method, and the size of redundant resources in the
proposed local search algorithm is equivalent to |M,,|. Thus, it needs to update all | M| variables

[log w] times, where R* and R' are the upper and lower bounds of worst-off reward;
¢ is the error bound in IPLS algorithm. The min-risk search must calculate future returns and
backtrack at most | M., | times, indicating the complexity as O(|M.,,|loga(e71)).

4.2 Competition-aware observation augmentation

Perception domain of potential competitors. To ensure autonomy and privacy, each device is
prohibited from accessing the geographic locations or exact actions of others. As a result, devices
cannot directly identify their potential competitors. To address this issue, we introduce the concept of
a perception domain. A perception radius ;" is defined, which represents the maximum transmission
radius that satisfies a specific latency requirement. Due to the symmetry of edges, devices located
within a perception radius of the target device are considered potential competitors, while those
beyond this range are excluded because they cannot meet the latency requirements.

Observation augmentation with anonymous mean-field statistics. When an edge allocates re-
sources for connected devices, it will gather the exact decisions of each device and maintain updated
action records £ € R¥*1, The record is an aggregated action distribution of all connected devices.
When device m makes a decision, it acquires all historical action records from nearby edges within
the perception domain r," as

Fity ={Id™" <r)F v ®)

where F ", € REXN: [(.) is an indicator function that determines the nearby edges. This allows
each device to obtain all relevant information about potential competitors without exposing detailed
status information or exact actions. After augmenting the local observation with the action distribution
of potential competitors f ;* |, the value function with respect to the Q-value for device m becomes

uMOft) =Y L T ATIOP F QMO AT F ) ©)
and the Q-function of device m in FOCI is updated as
Qi1 = (L =n)Q" +n(R" +vv(011)) ©)



This competitor-aware mean-field statistic achieves a better bias—variance trade-off by focusing on
potential competitors, leading to steadier value updates. The rationale is that connection behavior is
more stable than physical locality: devices may move frequently, but they tend to maintain similar
edge preferences over time. Therefore, aggregating only the records from nearby edges within the
perception domain yields a more stable mean-field statistic for training. In addition, compared with an
expanded proximity-based statistic, the competitor-aware mean-field statistic filters out interactions
from irrelevant devices, thereby preventing their dilution of the training signal.

Convergence Analysis. The procedure of augmenting with aggregated action records is equivalent
to sampling from the global actions with MFRL. To demonstrate the convergence of the proposed
augmentation method, we first prove the bounded error of Q-value between the sampled action and
global actions (Theorem E]) Furthermore, we show that the Q-value remains at a bounded distance
from the Nash Equilibrium Q-value (Theorem 2)).

Assumption 1 (L-continuous Q function w.r.t action distribution) The Q-function in Eq. is
Lipschitz continuous w.r.t action distribution with a constant L, i.e.,

|Q(O, A, Fy_1) — Q(Og, Ay, F71)| S LIFy_y — F7_4] ®)

Theorem 1. (Bounded gap to global distribution) Under the assumption that the Q-function is
L-Lipschitz continuous with respect to the action distribution, the deviation in the Q-value between

the sampling distribution [ ]* | and the true global action distribution of all agents [ y_1 is bounded

as follows with probability c®~1:

p—A+1. 2

——In— 9
2A s ©)

where ¢ = (NK + 1) >> 1 represents the dimension of entire action space; X is the expected value

of the non-zero dimension of I {* |; and o denotes the upper bound of on the deviation between the

sampled action distribution and the global action distribution. See the proof in Appendix B.1.

QO Ag, F 1) — Q(O, A, F 1) < L

Theorem 2. (Bounded gap to Nash Equilibrium) Under the assumptions (Appendix B. 2.), if we
employ an update for the Q-functions as elucidated in Eq. ([/), the Q-value in FOCI satisfies

1Q(Or,at, F"1) — Q" (O, ar)| <26 w.p.o®?, (10)

where § is the deviation bound in value function as |[v(Owr1|F 1) — v(Oppa|F—1)| =
L‘Z’_T)XH In 2 + kv/2 and Q* is the Nash equilibrium Q-value. See the proof in Appendix B.2.

S Experiments

Experiment settings. We simulate an M2M CI with 240 devices and 11 edges. To simulate device
mobility, we utilize a real-world taxi trajectory dataset from Porto, Portugal [Kaggle|[2017], focusing
on a 2.5 km? downtown area. We take the MobileNetV3-large [Howard et al.[[2019] as the backbone
network for the inference model. The latency constraint is set to 1/24s. The data for simulating
hardware status and scaling functions of devices is collected from the run-time status of Nvidia
Jetson TX2 NVIDIA| [2024]. The number of allocatable SMs on each edge is set to 2 x 128. A
simple 3-layer MLP architecture is applied on each device for RL training. More details about the
experimental settings are given in Appendix. C.

Overall performance. We compare FOCI with : 1) ALP: all local processing ; 2) Neurosurgeon
(NSG) [Kang et al.| [2017]: individual-optimal decision; 3) IQL [Liang et al.| [2019]: only local
observation for RL training; and 4) AMFQ |Zhang et al.|[2023b]]: MFRL-based resource allocation
scheme. The results are shown in Table. [I1

Metrics/method \ ALP NSG IQL AMFQ FOCI

Avg/Max latency (ms) | 34.20/39.51 32.77/62.72 27.83/30.08 27.33/27.96 26.82/27.20
Avg/Max energy (mJ) | 60.24/71.44 22.16/62.55 23.95/38.48 25.87/35.16 24.50/33.50
Avg switch cost - 2.88 3.06 3.35 1.52

Avg/Max Reward 1.248/1.417 1.157/2.193  0.988/1.065 0.971/0.997 0.953/0.973

Table 1: Overall comparison of different CI methods.
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Figure 3: Performance comparison in ablation study.

FOCI demonstrates the best tail performance while keeping strong averages, which matches its
max—min design. On latency, both non-RL-based baselines fail on the worst-off QoS control,
especially the local-optimal solution NSG. In comparison, FOCI attains the lowest average and a
remarkably tight worst case in latency, e.g, 26.82 ms and 27.20 ms, and in QoS reward (lower is
better), e.g., 0.953 and 0.973. Energy shows the same pattern that FOCI yields the lowest max energy
at 33.50 J, cutting the worst case by 46% vs. 62.55.J of NSG. As for the decision stability, we
visualize the switch behavior of different RL-based methods in Fig. 3] FOCTI achieves the most
consistent decisions over time, leading to a 50% lower switch cost compared with other RL-based
methods. Consequently, the reward is the best for FOCI in both average and max, reflecting that
oracle-shaping fairness feedback suppresses outliers while the competitor-aware mean field augments
the stationarity of the decisions.

120 100

—6—Max Mean

-
o
o

80

@
o
(=2
=1

(=2}
o

Energy (mJ)
s
o

Latency (ms)

40 EFE‘: . 20 - ':-'-ja

20 ot . : . ‘
NSG OFR- COA- FOCI NSG OFR- COA- FOCI
only only only only
(a) Latency per frame (b) Energy per frame

Figure 4: Performance comparison in ablation study.

Ablation study. We compare four variants: Neither (NSG), OFR-only, COA-only, and FOCI to
quantify the contribution of the two components in FOCIL. As shown in Fig. fa] the max-latency drops
monotonically from NSG, OFR-only, COA-only to FOCI, showing that the oracular reward alone
already suppresses outliers efficiently, and adding COA yields the lowest tail and the smallest variance.
Mean latency follows the same trend with incremental gains, indicating smoother partition choices.
In Fig. [Ab] energy shows a similar pattern: FOCI reduces both mean and max, while removing
either component raises dispersion; COA-only lowers the average energy because its augmentation
distribution is smoother and more predictive than that of the noisy proximity-based neighbor. In
comparison, OFR-only lowers the tail with the explicitly equalized contention.

6 Conclusion

We modeled M2M CI as MARL and proposed FOCI, which aligns local learning with global fairness
while avoiding peer telemetry. The method couples oracle-shaping rewards from the edge’s max—min
response with a competition-aware mean field-based observation augmentation, yielding a stable
policy for achieving max-min QoS. We give a theoretical guarantee on its bounded convergence from
the equilibrium. Empirically, FOCI shows fairer QoS with tighter latency and energy tails and more
stable behavior patterns compared with multiple M2M CI baselines. This suggests a practical path to
achieve scalable M2M CI in NextG wireless networks with MARL.
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Appendix

A Min-risk searching algorithm for oracle-shaping fairness reward

We first rewrite the (P-EDGE) problem in the form as:

* . m '}n
P-EDGE-2: = - - = 11
GE2: R, = upx iy (R 7p) an

where R™ = o E™ + B(D™!° + D™1") refers to the constant part of the reward R™, and R =
BL ZkK: g 1 DS +~C™ is the molecular part. P-EDGE-2 is NP-hard due to the fractional form of
variables ] in each item. Thus, we first relax original integer programming to the polynomial solvable

continuous problem. After obtaining the optimal continuous solutions via IPLS algorithm Zhang et al.
[2023a], we backtrack to the integer results with a heuristic strategy. The detailis given in Algorithm.

[l

Algorithm 1 Min-risk searching algorithm for discrete resource allocation

Input: A setof {R", R}'} > 0, Vm € M,,. The available SM L. Tolerance €.
1: Relax the original problem to an Minimax Linear-Fractional Programming problem
2: Set the list of upper and lower bound candidates as {U™} o, = {R™(1)}m,,, {L™}Im, =
{B™(L = [Mn])}m,, _
3: Obtain upper bounds R* = max {U™} v, and lower bounds R! = max {L™} v,
Create steps w = |log(;,.y(R"/R')| and corresponding polynomial interval set as P° =

{RlaRl(l + 5)7 .. 'aRl(l + E)W} £ {plap% . "_apw—O—l},

»

5: Initialize iteration counter k = 0 and optimum R}, = +o0.

6: while P # () do

7: Divider D = |P¢|, candidate optimal interval p = pp.

8 if> ,\ R} /(p— R{) < Lthen

9: Update set P = {p1,...,pp},
10: Obtain the current optimal QoS R}, = min{p, R}, }, and solutions I =

{max{R}"/(p — R"), 1} }m,,-

11: else
12: Update set P = {pp41,...,Dw+1}> €St P1 = ppi1
13: end if

14: end while ~ ~

15: Given I, calculate { R7"*} o4, , and R}y, —p" < eholds,

16: Initialize solution I = [ ], calculate diff ¥ = Yom, =L
17: while ¥ # 0 do

18: Exclude all m that satisfy {]"* == 1 from M,,,

19: Calculate future value R} = {R™* (I™* — 1)} u4,,,

20: Locate the smallest index m = argmin{ R™* — RZ”*} M, s
21: Update [™* = [™* — 1, and ¥ = 9 — 1.

22: end while

Return: Optimal SMs allocation 1,

Details of IPLS algorithm. The main idea is that P-EDGE-2 shares the same optimal global solution
with the equivalent problem min,,, { Rxq, —max .y (R?* + R} /I)}, R € [R!, R*], where R*, R!
is the upper and lower bound of worst-off QoS (Step [2and [3). leen a tolerant error € to the optimal
global QoS, the solution space [R!, R“] is divided into a set of polynomially countable small intervals
Pe (Step4 . The corresponding number of intervals is given as @ = [log ;.. (R*/R")|. Compared
to the set of constant intervals, the polynomial set dramatically reduces the searching space. We use
the dichotomy to locate the interval where the optimal solution resides. According to the Theorem 3
in|Bo et al.|[2023]], if the Constraint ), R} /(p — R{") < Gl,, is satisfied by current candidate

p € P (Step , max,, { R + Rm/lm}Mn < (1 +¢) max,, {R" + BT /177 } a,, holds, and the
R, u,, must be on the left side of the current interval. Subsequently, we update the polynomial set
(Step [) and the optimal variables (Step[I0). By iteratively applying this process until the polynomial

set is empty, we identify a R, ‘v, that satisfies an e-approximate global optimal solution.



B Proof of theorem related to competition-aware observation augmentation

B.1 Theorem 1: Bounded gap to global distribution

Proof. According to the assumption in Eq. (8), we first derive the bound of |a} —a?| where aj = F ",
and a% = [ —1. Denote the perceptional action dimension of each agent m as ¢,,,, we have an
expected dimensions over all agents as A = E,,,.. s ¢,,. We then denote the perception procedure as
a set of random variables (RVs) {X, € [0,1],Vi € A}, each of which indicates the sampling on one
action and repeats \ times. We normalize F"; for each agent m as a probability distribution in the
following analysis.

After that, the perception procedure of agent m is regarded as sampling from the global action
F -1 without replacement, so that X; is no longer independent with each other. According to
Serfling inequality (given in Corollary 1.1 in|Serfling|[[1974]]), we then provide an upper bound on the
probability that the sum of bounded dependent RVs deviates from its expected value as

—2\p?
1-=0)b—a)

X; describes the sampling procedure; given a finite

P(|Sx — Au| > Ap) < 2exp( ) (12)

where p > 0 refers to the deviation; S) = > ien
list of all values of RV X as x;, u = Zf;l x; represents the global action distribution; and b and a
are the upper and lower bound of variable X, respectively. If the perception range is large enough to
cover the whole mobility area, the sum of distribution X; approaches the true global action. Thus, let

Sx/A=F 1, p=Ft1,andb=1,a = 0, we have
—2)\¢)p2)
p—A+1

Let the right hand of the above inequation as o, we have p = / d’;/{\gl In % We then obtain the
difference between the mean action of COA and global mean action as

P(|Fi*y = Fi—1]| =2 p) < 2exp( (13)

o—A+1
2\
As the sum of individual components is 1, the last random variable becomes deterministic once we

fix the first ¢ — 1 RVs. Thus, with the above bound holds w.p.o, we have the following bound holds
w.p.(0)?~1 under Assumption 1 as

2
[Fity — Fioa| < 1n; w.p.o. (14)

|Q(O, Ag, Fi™1) — QO Agy F 1) S LIFYy — F 1] (15)
By replacing [F [ — F ;1| with ¢( ¢;/’\\$1 In 2)2, we have proved the Theorem. O

B.2 Theorem 2: Bounded gap to Nash Equilibrium

Given the conclusion in Theorem. [T| we will prove the convergence of FOCI under the following 4
common assumptions in MARL.

Assumption 2 (Bounded reward). Each action-value pair is visited infinitely with bounded reward.

Assumption 3 (Rational agent). Agent’s policy is Greedy in the Limit with Infinite Exploration
(GLIE).

Assumption 4 (Equilibrium Optimality). The Nash equilibrium is considered a global optimum or a
saddle point in every stage game of the stochastic game.

Assumption 5 (x-continuous Q function w.r.t actions) The Q-function is Lipschitz continuous w.r.t
the action with constant s, which is |Q(Oy, A}, F ") — Q(Oy, A2, FI )| < K|A} — A2

Proof. First, our learning model satisfies all above assumptions: the reward in FOCI is bounded;
the annealing e-greedy policy applied in our model is GLIE |Satinder et al.|[2000]; the optimality of
Nash equilibrium and Lipschitz continuity are strong assumptions in most related work about MARL.
After that, by replacing Eq. (21) in the proof in Subramanian et al. |Ganapathi Subramanian et al.
[2021]] with the conclusion from Theorem. {1} we have proved the Theorem. O
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B.3 Detail experiment settings

The mobility of devices is randomly sampled from trajectories in the dataset Kaggle| [2017]. We
visualize the original trajectory set as a heatmap, as shown in Fig.[5a] The edge placement is also
determined by the heatmap, following that higher-density regions host more densely deployed edges.

For the device prototype, we use the Jetson TX2 and measure its energy consumption and latency
under different clock frequencies, as shown in Fig.[5b} Although the TX2 is not battery-powered, we
simulate a mobile device by assigning an initial energy level between 3 Wh and 12 Wh, a typical
range for a smartphone-class device (e.g., an iPhone). A DVFS controller, illustrated in Fig. is
designed based on the TX2 power consumption model. Note that although we use the term “battery
level” for ease of exposition, the actual factor influencing performance is the ratio of the current clock
frequency to the maximum clock frequency. The minimum allowable clock-frequency ratio is set
to aumin = 65%, because lower frequencies would fail to meet the latency requirement. It is worth
noting that our proposed method is adaptable to any device prototype, including variations in battery
capacity and DVFS configurations, without significantly affecting the main experimental results.

35 35 .
= 100
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102 25 25 % 9
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£ 2 S sl
gu.us A o = 1.5 15 & g’_
= 1 10 S 70l
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~—#—Frames/Second o
41.140 . . 10° 0 - - - Jo 60
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Latitude Ratio to Max Clock Frequency % Remaining Baterry %
(a) Edge placement scheme (b) Scaling function (c) DVES controller on device

Figure 5: Detailed experiment settings

As for the training parameters, we apply a dueling DDQN with the same 3-layer MLP architectures
for each device. The learning rate and discount factor are set as 7 = 0.0001 and v = 0.7. The € in
greedy exploration exponentially decays from 1 by 0.99 every episode. For simplicity, we set all
weights in the QoS reward to 1. Each episode contains 1 hour of the inference services.
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