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A APPENDIX

A.1 RELATED WORK

We provide the state-of-the-art investigations and discussions for foundation model and AI-RAN in
robust robot scenarios.

Foundation Model for robots-based scenarios: To ensure accurate robot navigation, the authors
in[Xia et al.|(2024) proposed an agent-based foundation model as the new training paradigm for ef-
fective environmental sensing and robot navigation. The solution can generate cross-domain actions
consistent with sensing information, paving the way to realize interactive and collaborative robots.
However, the FM training can lead to the issue of security due to frequent information transmission
between robots and edge RAN. The authors in [Chen et al.[(2025) developed a FASTNav to train a
lightweight LLM, for reliable robot navigation by reduce the transmission data sizes. The proposed
method contains three modules: fine-tuning, teacher-student iteration, and language-based multi-
point robot navigation. The experiment results the solution can perform high secure and low latency
robot navigation. To ensure reliable path planning, the authors in|Qi et al.| (2025) proposed a 3-step
trajectory optimization framework for generating a jump motion for a humanoid robot. The frame-
work can joint detect robot postures, centroidal angular momentum, and landing foot placement
for reliable path planning. Nonetheless, the existing works neglect the communication resource
constraint with high-frequency information transmission which can also cause lowly robust robot
cooperation in 6G application scenarios.

RAN empowered reliable communication for robot cooperation: The reliable robot cooperation
needs the support of suitable communication resources. It is important to schedule communication
resources effectively by RAN. The authors in |Baruffa et al.| (2024) developed a testbed architecture
that combines contemporary communication and cloud technologies to provide microservice-based
mobile applications with the ability to offload part of their tasks to cloud/edge data centers connected
by multi-RAT cellular networks. In addition, the authors inBolla et al.|(2023) presented an optimiza-
tion problem to further explore redundant radio bearers for each robot. Such problem extends the
current specification on redundant transmissions. Several heuristic methods have been developed to
meet the time-scale requirements that cannot be achieved through exhaustive search. However, such
methods might still lead to high communication costs due to high-frequency information exchanges
among robots. The authors in |Chinchilla-Romero et al.| (2024) proposed a centralized control so-
lution for automated mobile robots. A techno-economic analysis was designed to assess the total
system cost in an Industry 4.0 robot environment. A sensitivity analysis was also included for the
solution identifying the variables with great impact on the system cost. Unfortunately, the exist-
ing works ignore the undetermined numbers of robots and missions, which can expose significant
pressures for real-time computing and reliable communications among robots.

Based on the discussions mentioned-above, the existing works mainly focus on the study of RAN
optimization and FM training while few of investigations pay attention to variability of numbers of
robots and missions. In addition, it is difficult to ensure reliable and robust FM training based on the
limited computing resources of edge RAN. On the other hand, the existing work may also lead to
low-efficiency robot cooperation due to the neglect of change in physical environments. In this case,
a terminal-edge cooperative robust FM training is feasible to optimize RAN resources for reliable,
accurate, and low-latency robot services.
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A.2 PROBLEM FORMULATION

We formulate corresponding objective function to optimize the robots-based parcel sorting and han-
dling with given constraints.

A.2.1 ANALYSIS OF DATA COLLECTION

The robots can implement cooperative sensing by dynamically changing self-positions. We first
formulate the sensing feasibility constraints based on robots’ positions and data size:

Tist S Z Miyt, (1)
vEN(s)
Zist S (js Tist, (2)

where s € S is sensing site with site set S; v € V is the spatial position of robots with position set V;
Zist € {0,1} and my,; € {0, 1} are sensing decision indicator and position indicator, respectively.
Z;s¢ = 1 when robot 7 implements the sensing operation for site s at time ¢; m;s; = 1 denotes robot
1 1s in the position v at time ¢; z;5; 1S a continued variance to present the data size (bits) that robot ¢
collects at site s; g5 is the maximal data sizes that site s can provide. The two constraints can assist
robots in optimizing self-positions for cooperative sensing.

In addition, we need to ensure comprehensive sensing by improving sensing coverage:

S zia = Qs 3)

PEMEET
where (), is the minimal acceptable sensing coverage.

A.2.2 ANALYSIS OF PARCEL SORTING ACCURACY

For the parcel sorting accuracy, we give detailed discussions considering delivery regions, destina-
tions, and latency. Explicitly, in terms of the delivery region, we enable the R-FM-rApp to estimate
the current sorting result is whether in the given delivery regions or not:

Ry =12, € 2}, )

where Ry, € {0,1} is an indicator; 2 is the estimation result; Iis an indicator function. Based on
this, we can give the sorting accuracy Ar, considering the delivery regions as follows:

Z ARa min» (5)

where wy, is a weight of parcel & for different priorities; Ara min is the acceptable minimal sorting
accuracy.

Considering the delivery destinations, we formulate the corresponding accuracy model. Before that,
we first formulate the destination accuracy indicator Dy:

Dy =12k = gi ], (6)
where gy, is the real delivery destination of parcel k. Based on this, we can formulate the destination
accuracy model by

Adest = . (7

With the sorting accuracy for different delivery regions, the sorting accuracy for different destina-
tions A gegt|ra i formulated by

>k Wi Dy Ry

= 8
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where € > 0 is a constant value.

In terms of delivery latency, we can further sort the parcels for accurate and real-time handling.
Similarly, we first give the latency accuracy indicator Sk:

Sp =1tk < di], &)
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where t; and dj, are practical parcel sorting time and maximal acceptable parcel sorting time, re-
spectively. Then, we give the joint optimization with accurate destination and required latency as

follows:
> kex Wi Di Sk

D kek Wk
where Agy,a is the accuracy indicator for joint optimization of delivery destination and latency. In
this case, we further give the whole sorting accuracy Aix:

Amix = )\lArange + )\2Adest + )\SASLA > Amix7min» (1n)

where \; > 0, ZZ Ai = 1; Apix,min 1S the acceptable minimal whole sorting accuracy.

AsLa = (10

A.2.3 ANALYSIS OF PARCEL HANDLING LATENCY

We analyze the parcel handling latency with two parts: cooperative path planning and dynamic path
adjustment. For the cooperative path planning, the latency mainly includes service latency 7°¢
(namely the time of loading and unloading parcels), handling latency, and the waiting latency for
giving way to other robots with collision avoidance. Specifically, the service latency for robot 2,
T2V¢ > 0, is regarded as a constant value with static loading and unloading time. Regarding the
handling latency 7/"¢ of robot i, the planned path for robot i can be represented as PP;. The

average moving velocity of robot 7 is v;. We can calculate the handling latency as

rhand — E. (12)
Vi
The waiting latency is defined to avoid physical collisions based on planned paths. In this case, we
can use a graph G(V, E) to present the cooperative parcel handling, where V is the all robot node
set and E is the handling path set. For robot 4, we firstly need to guarantee ) .\ M < 1,
namely each node matches one robot at the same time ¢. In addition, the edge capacity constraint
can be formulated as
Z (aiuv,t + aivu,t) S CaPyqyy (13)
ieEM
where a;,,,+ = 1 denotes robot % moves from node u to v, and verse visa. cap,,, is the maximal
robot capability at the edge (u,v). In this case, when robot i and j move towards the same edge at
the same time ¢, the waiting latency W; ; can be formulated by

Wi= > Taijo =120 |, (14)
i#]
where I[a; ;» = 1 is an indicator function to present there exist a conflict between robot  and j;
A; ;v is the waiting time of robot ¢. In this context, we can constrain the whole path planning
latency of robot i by
tf’P _ 7_ih:a.nd + Fsve + Wi- (15)

The robots can re-adjust their moving paths to cope with the time-varying parcel handling scenarios.
We analyze the dynamic path adjustment with two parts: the path adjustment latency W,4; ; and the
revised handling completion latency Caqj,.. The former can be formulated as

Wadji = _Iai e = 0] - 1d(t), (16)
t<t
where I[a, , + = 0] is an indicator function, where a,.,, ;+ = 0 denotes robot i is in the idle state in
node v at time ¢. Id(t’) denotes the idle time of robot i. The latter can be represented as

Cadj(i) = Clu + Treps (17

where C;}' is the current handling latency based on the previous path planning decision; 7y is the
computing latency for path adjustment. In this context, the whole parcel handling latency ¢tandle jg
constrained by

t?andle _ Wadj,i + Cadj (’L) + tf’P < t}_landle (18)

i,max

where tP@2dle jg the maximal acceptable handling latency.

i,max
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A.2.4 OBJECTIVE FORMULATION

In addition to the parcel handling latency, the robots’ energy consumption is another important
metric due to battery-powered characteristic. We need to constrain the energy budget. Let v;(t)
(Joules) denote the budget of the robot ¢ at the time slot ¢ that can be spent on parcel handling. The
average cumulative budget T; (Joules) is defined to restrict the energy consumption of robot i:

El(t) = o(vi), (19)

where ¢(x) is a mapping function with nonlinear character; Elf (t) is a variable due to the undeter-
mined obstacle distributions. Based on this, we can formulate the optimization objective as

P1 : min {Th_{n — Z [ZZalATk - agAAmlx] } ,
t=0 i=1 k=1
oL { C1 : equation|3| equation [5 equation equatwn equation
C2: 7y > Tmin,

where a; and ay are weights in Lyapunov theory Matrosov| (1962); A is the difference between the
actual and virtual backlog. AT}, = by, — by i, Where by j, and bs j, are the real handling latency and
the expected handling latency for parcel k. We expect to minimize the difference value for real-time
parcel handling. In terms of C'1, equation 3] equation 5] equation [TT] equation[I3] and equation [T§]
ensure a comprehensive sensing cooperation, accurate parcel sorting with different delivery regions
and destination, respectively, path conflict avoidance, and guarantee of low parcel handling latency.
C?2 can guarantee low-latency data transmission for real-time information exchanges among robots,
cooperative FM training, and path planning computing.

A.3 DETAILED ALGORITHM DESCRIPTION WITH PSEUDOCODE

B PARCEL SORTING AND HANDLING ALGORITHM DESIGNS WITH ROBUST
FMS

In this section, we provide corresponding algorithms for accurate parcel sorting and handling, which
consists of three parts: Robust FM construction FM splitting for accurate parcel sorting and FM
cooperation for real-time parcel handling.

B.1 ROBUST FM CONSTRUCTION

Foundation models are vulnerable to several security risks during training, including data poisoning
(injection of malicious samples into large-scale corpora), privacy leakage, and backdoor insertion
(hidden triggers that cause targeted misbehavior). Moreover, these models often exhibit high sensi-
tivity to adversarial perturbations, which compromises their reliability in safety-critical applications.
To mitigate these risks, we design a robust training methods: adversarial training formulates learning
as a min—max optimization problem Razaviyayn et al.|(2020):

Irgn Ez.y) maxL(fg(x+5) y) |, (20)

where 6 is model parameters ( weights of a neural network); (z,y) is the input sample x with its
ground-truth label y; fp(x) is model prediction for input  under parameters 61 L(-,-) is cross-
entropy measuring prediction error; J is adversarial perturbation applied to input z.; S is a feasible
perturbation set; ]E(w v [] is expectation over the training data distribution. We explicitly enhance
resistance against input perturbations. The differential prlvacy can be incorporated to limit informa-
tion leakage from individual samples. The FM acquisition is illustrated in Fig. [T] The pre-training
process is quantified as a Stochastic Game (SG) problem with a tuple {S;, A;, T, 7;}, where T is a
transfer function and r; is a reward function. The R; is formulated by

1

’L?A
i(S ~

ADj,k +ADi7k], 21
k=1



Under review as a conference paper at ICLR 2026

Actor network A g 1uate Critic network Q & & e
S A Pre-training l
| t Deli model . Output
Physical data | INPU . -~ eliver » &g OutPUt [ Foundation
Historical data /r store —{Ze— Sample -\ + = ey » model
Actor network A" Critic network Q'

sz oo pdate 32 2 ==

Meta data Learning network  Meta model,

FM pre-training Fine-tuning

Figure 1: Ilustration of cooperative FM construction.

where k; is the number of parcel; A[f] = f(t — 1) — f(t); «; and 5; can be set as 5 and 0.05
usually, respectively. The robots can learn a feasible pre-training FM model from the critic network
by minimizing the reward:

1
FMpe(0") = Es a0 [M Z Voupt(Ai]Si)V a,Q" (Si, (A1, s An)) | Ay=p(si) |- (22)

Based on the pre-training FM model, A data sampling operation can be enabled to decompose the
data for customized parcel sorting and handling:

sortin K handlin M
D;gt . {(ziacivyi)}izl B D}Ca £ = {(z]acjﬂyj)}]zl ) (23)

where (z;, ¢;,y;) and (x;, ¢;, y;) are information vectors to reflect to the parcel sorting and handling,
respectively. We can obtain an accurate parcel sorting FM:

c

FMsorting = - Z 10gp9 (C | €, C)v (24)
c=1

where z is the input information; c is the training label; p is the prediction function. The parcel
handling FM is formulated by

FMhandiing = [|[P — Pll1 + Ar dso3)(q, 9), (25)

where p and p are predictive and actual translation actions of robots, respectively; q and ¢ are
predictive and actual orientation actions of robots, respectively.

B.2 FM SPLITTING FOR ACCURATE PARCEL SORTING

We present the implementation process of parcel sorting illustrated in Fig.|2 We propose an adaptive
model splitting algorithm that utilizes an attention mechanism to acquire multiple sub-FMs. Specif-
ically, we first formulate the feature vector hy for accurate parcel sorting with different delivery
regions, destinations, and latency:

hk = E@ (LL‘k, EHV), (26)
where Fj is the shared encoder network parameterized by 6. It maps the input pair (zj, Env) into a

latent representation (embedding); xj is the raw input features of parcel k; Env is the environment
information. The corresponding attention heads are then formulated as

pR = softmax(Wxhy), p° = softmax(Wphy), p~ = softmax(Wyhy), 27)

where Wg, Wp, and Wy, are weight matrices. We employ the decoder to connect these attention
heads with model parameters using a connection probability:

ER—FM—rApp = O‘(flogpik)a £D—FM—rApp = 6(*10gp51)), EL—FM—rApp =7 Z Cyl‘,k: le;a
k

(28)
where «, 3, and  are weights controlling the contribution of the region classification loss. p®, pP,
and p}. are probability distributions over all region classes; y® and y are ground-truth class labels for
the current samples. Cy. j, is the penalty of predicting class k when the true class is y". The latency-
FM-rApp can assign appropriate robots to handle parcels based on distribution latency. Overall, the
attention-based approach can reduce the time of model splitting while enhancing the accuracy of
FM model implementation. We can transmit the sub-FMs to the Non-RT RICs to acquire various
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Figure 3: Illustration of cooperative parcel handling with two kinds of xApps, energy-FM-xApp
(E-FM-xApp) and Path Planning (PP-FM-xApp).

rApps. This approach ensures accurate parcel sorting through deep collaboration throughout the
entire pipeline. The algorithm is shown in Algorithm T}

In addition, our pipeline approach can effectively adapt to changes in distribution requirements.
When the destination requirements change, we can enable the Non-RT RIC to use the current FM-
rApps to generate new sorting decisions by re-estimating distribution destinations for accurate parcel
sorting. However, when the latency requirements change, the current FM-rApps may not be able to
provide real-time parcel sorting due to their limited FM generation capabilities. To address this, we
can implement a re-training operation to update the FM-rApps using an attention mechanism. This
method can significantly reduce implementation latency by leveraging historical experiences.

B.3 MODEL COOPERATION FOR REAL-TIME PARCEL HANDLING

We propose a cooperative parcel handling algorithm based on information on robots and parcels
with two main implementation steps shown in Fig. 3} Gated Recurrent Unit (GRU)-based energy
prediction and Particle Swarm Optimization (PSO)-based cooperative path planning.

In the Near-RT RIC, we input the robot and parcel information into the input gate. We then activate
the reset gate 7, using o function to determine how much of the previous hidden state should be
forgotten when calculating the new hidden state:

Ty = U(Wrxen,t + Urhtfl + br) 5 (29)
where W,., Zent, Ur, he—1 are weight matrix, input feature vector at time ¢, weight matrix for
hidden state h;, and the previous hidden state, respectively. b, is the bias vector. We can train the
GRU network to acquire the accurate energy prediction result:

T

1 - 2
Lore =) (B~ E), (30)
t=1
where Et = Wyh; + by. With the prediction results, for robot ¢ at the dimension d, the position and
velocity are updated as
Via = eVia+airi(X] — Xia) + agr2(X§ — X a), (D
Xia=Xia+Vig, (32)
where ¢ is the inertia parameter, a1 and a9 are acceleration coefficients; r; and r, are constrained in
[0, 1]; X8 and XP are global and local optimization results that are updated by

M M
XE = ing(X, ) = HX —hH, XP = ing (X;q) = HX |, 33
g argrr}l(ldgg( id) ; id—hi|, i argn}(ldng( id) ; i hyl| (33)
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where h; and h; are global and local prediction values, respectively. Consequently, we can imple-
ment real-time and accurate parcel handling decisions using our designed path planning algorithm
with the aid of Near-RT RIC. The whole algorithm implementation is shown in Algorithm I]

Our solution enables a cooperative multi-task implementation by collaborating with rApps and
xApps. First, we design three types of rApps, area-FM-rApp, destination-FM-rApp, and latency-
FM-rApp, to perform cooperative parcel sorting in a pipeline manner. The sorting results from the
latency-FM-rApp can be transmitted to the Near-RT RIC via the Al interface for parcel handling.
We propose that the energy-FM-xApp and PP-FM-xApp implement cooperative path planning to
achieve low-latency parcel handling with energy savings. In turn, the parcel handling results can be
transmitted to the Non-RT RIC to assist the rApps in optimizing current computing resource schedul-
ing decisions. Consequently, we can ensure high-efficiency parcel sorting and handling through deep
cooperation between the Non-RT RIC and Near-RT RIC in robot-based mobile scenarios.

Algorithm 1 Accurate parcel sorting and real-time handling with robust FMs.
// Definition: v = 0.99.

Input: Network parameters 6, state space .S;, action space A;, update weight ~; replay buffer;
system parameter set.
Qutput: Cooperative sorting and handling results.
1: Construct the FM cooperatively
2: for each episode in all the rounds do
3:  Design the reward function using equation

4:  for each time slot ¢ do
5: for each agent i € M do
6: Obtain the feasible FM models by minimizing the L using equation [22]
7: Implement the customized sorting and handling models using equation 23]
8: Obtain customized sub-FMs using [24] and [23]
9: end for
10:  end for
11: end for

12: Accurate parcel sorting

13: Formulate feature vector hy, using equation

14: for each parcel requirement do

15:  Acquire attention heads using equation

16:  Obtain the output of sub-FMs using equation [2§]

17: end for

18: Real-time parcel handling

19: for each iteration do

20:  Calculate the hidden state of GRU using equation

21:  Obtain the prediction results using equation [30]

22: end for

23: for each exploration time do

24:  Update the positions and velocities using equation|31|and equation
25: Update the global and local optimization results using equation [33]
26: end for

B.4 DETAILED EXPERIMENT RESULTS

Fig. @ illustrates the training loss of the cooperative FM under different numbers of robots, ranging
from 20 to 60. We see that across all robots’ numbers, the training loss decreases rapidly before
iteration 200. The performance reflects efficient convergence at the initial stage. As training pro-
gresses, the loss gradually flattens and stabilizes, indicating that the model has reached convergence.
In addition, we observe that configurations with more robots achieve lower training losses compared
to scenarios with fewer robots. This trend demonstrates that increasing the number of cooperating
robots enhances the representational capacity and leads to improved convergence performance. The
results imply that our solution can achieve satisfied FM acquisition for efficient parcel sorting and
handling.
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Fig. [5] presents the training loss of the cooperative LAM model under different numbers of parcels.
We see that the training loss for all solutions decreases sharply within the first 200 iterations followed
by a gradual reduction and eventual stabilization. This behavior indicates that the model converges
effectively under all workload conditions. Another important observation is that scenarios with
a larger number of parcels attain lower training losses compared to cases with fewer parcels. This
result demonstrates that increasing the task load can enhance final performance accuracy for accurate
parcel sorting. Nevertheless, the convergence becomes slightly slower with higher parcel volumes,
which reflects the trade-off between accuracy improvement and training efficiency. We can control
the relations between the two indicators for high-efficiency sorting and handling.

Fig.[6|and Fig.[7]depict the GPU utilization of the cooperative FM framework under varying numbers
of robots and parcels, respectively. In Fig. [6] the GPU utilization is compared across scenarios
with 20, 30, and 40 robots. The results indicate that increasing the number of robots generally
leads to higher and more stable GPU utilization. This suggests that larger cooperative groups are
able to better exploit computational resources to minimize idle time and ensuring efficient parallel
implementation with low execution latency. We can obtain the similar result in Fig. [7]] We see
that as the number of parcels increases, GPU utilization improves, reflecting the growing workload
and enhanced resource occupancy. The higher task load ensures that the GPU remains consistently
engaged, which improves training efficiency.

Fig. ?? illustrates the confidence error of FM training with respect to the number of iterations. The
confidence error quantifies the gap between the predicted probability distribution and the ground
truth, thereby reflecting the reliability of the decision-making. We see that all the solutions exhibit a
decreasing confidence error with increasing iterations, indicating improved training stability. How-
ever, our solution consistently achieves lower confidence errors compared to other benchmarks. This
demonstrates its ability to converge faster and maintain more reliable training predictions. Overall,
the results highlight that our solution enhances both the convergence speed and the robustness of
FM training, leading to safer and more reliable robot cooperation in parcel sorting and handling.

We compare parcel sorting accuracy in Fig. [8(a) under different numbers and types of parcels. With
the random deployment of 40 robots with an average weight of 12 kg, our solution achieves the
highest sorting accuracy compared to both benchmarks. This is due to our FM assists O-RAN in
scheduling communication resources to ensure seamless cooperation among robots for efficient par-
cel sorting. Furthermore, our solution decouples missions into three sorting steps using our model-
splitting method, which guarantees accurate parcel sorting through streamlined pipeline operations.
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The latency-FM-rApp also enables robots to sort parcels in real time for low latency requirements.
Our solution improves the sorting accuracy by 7.1%, 13.8%, and 15% compared to centralized,
distributed and GRU-based solutions, respectively.

Fig. shows the performance of sorting accuracy under different numbers of robots. Given the
40 parcels with an average weight of 12 kg, our solution guarantees the highest sorting accuracy
compared to all the benchmarks. This is because our FM can achieve deep collaboration among the
R-FM-rApp, the D-FM-rApp, and L-FM-rApp to ensure accurate parcel sorting. In addition, our
solution can collaborate computing resources of robots and edge RAN to improve the parcel sorting
reliability for accurate parcel sorting. Furthermore, the latency-FM-rApp can conduct robots to
optimize the sorting results considering different delivery priorities. Overall, our solution improves
the sorting accuracy by 8%, 12.5%, and 15.9% compared to the centralized, distributed, and GRU-
based algorithm, respectively.

We also illustrate the performance of sorting accuracy with different weights of parcels in Fig.
With 40 robots sorting 40 parcels, we can see that sorting accuracy reduces as the weights of parcels
increase for all the solutions. This is because robots might cause a high recognition error for parcels
with heavy weights due to large sizes of parcels. However, our solution still maintains a high sorting
accuracy with up to 90% through robot cooperation. It is because our solution can assist robots
in selecting feasible cooperators to implement cooperative sorting for high sorting accuracy. Ad-
ditionally, our solution can collaborate feasible numbers of robots to match suitable numbers of
parcels considering different weights of parcels. Overall, our solution improves the sorting accuracy
by 9.2%, 15.9%, and 18.8% compared to the centralized, distributed, and GRU-based algorithm,
respectively.

With the sorting results, we evaluate the efficiency of path planning, the ratio of the optimal path
to the actual path with varying numbers of parcels, as illustrated in Fig.[9(a)] Under the same de-
ployment conditions as those in Fig. our solution consistently achieves high path planning
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Figure 10: Performance evaluation of system latency under different numbers of robots, parcels, and
weights of parcels.

efficiency of up to 90% compared to both benchmarks. This is because our energy-FM-xApp allows
robots to select feasible numbers of collaborators by estimating the energy consumption for coop-
erative parcel handling. Based on these estimation results, the PP-FM-xApp collaborates with the
robots to implement cooperative path planning through information exchanges utilizing available
communication resources. Our solution shortens the handling paths by 13.9% and 28.2% compared
to distributed and centralized solutions, respectively.

With the same deployment as Fig. [8(b)] Fig.[9(b)] provides the path planning efficiency performance
with different numbers of robots. The results clearly show that our solution consistently outperforms
the other approaches across all robot configurations. In particular, our solution achieves efficiency
levels close to or above 90%, even as the number of robots increases with high robustness and scal-
ability. Another important observation is that increasing the number of robots slightly decreases the
efficiency for all methods, reflecting the higher complexity of coordination in larger robot groups.
Nevertheless, our method maintains a significant advantage over competing approaches, confirming
its effectiveness for high-efficiency parcel handling. Our solution improve the path planning effi-
ciency by 6.8%, 10.6%, and 17.5% compared to distributed, centralized and GRU-based solutions,
respectively.

Under the same configuration as Fig. we give the path planning efficiency performance with
different weights of parcels in Fig. It can be observed that our method consistently achieves
the highest efficiency across all weight levels with up to 90% when the parcel weight is relatively
low. Although efficiency decreases slightly as the parcel weight increases to 16, our solution still
outperforms all alternatives by a significant margin. This also demonstrates that heavier parcels
impose greater coordination challenges for all algorithms, but our method remains the most robust
and scalable solution with the aid of terminal-edge cooperation. Our solution improve the path
planning efficiency by 3.3%, 6.8%, and 17.5% compared to distributed, centralized and GRU-based
solutions, respectively.

Finally, we compare system implementation latency under the different numbers of parcels shown in
Fig.[I0(a)l With the same deployment scheme as shown in Fig. we find that our solution consis-
tently achieves the lowest implementation latency compared to both benchmarks. This improvement
is attributed to our DDPG algorithm, which reduces the FM implementation time through a coop-
erative training manner by exchanging implementation actions. Additionally, our solution enables
the O-RAN to collaborate with the computing resources of different robots to further accelerate
FM training. We can dynamically schedule O-RAN communication resources to ensure reliable
information exchanges for cooperative parcel sorting and handling. Our solution reduces system
implementation latency by 15.8% and 30.4% compared to the distributed and centralized solutions,
respectively.

With the same deployment as Fig. [§(b)l Fig. [I0(b)] provides the system latency performance with
different numbers of robots. We see that system latency decreases as the number of robots increases
for all solutions, since more robots can share the workload and thus accelerate handling execu-
tion. However, our solution consistently achieves the lowest latency across all robot configurations,
demonstrating superior scalability and efficiency. For example, with 60 robots, our solution reduces
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latency to nearly 5 minutes, significantly outperforming the centralized and distributed approaches,
which remain above 10 minutes, and the GRU-based method, which exceeds 15 minutes. These
results confirm that our solution not only leverages additional robotic resources more effectively but
also minimizes communication and cooperation overhead.

Under the same configuration as Fig. we give the system latency performance with different
weights of parcels in Fig. The results show that system latency increases with parcel weight
for all solutions. This reflects the additional computational and cooperation overhead required for
handling heavier parcels. Our solution consistently achieves the lowest latency across all weight
values, maintaining latency below 15 minutes even for the heaviest parcels. These findings high-
light that while heavier parcels impose greater system latency, our solution demonstrates superior
robustness and scalability, effectively mitigating the latency increase compared to existing baselines.
Our solution reduces system implementation latency by 33.3%, 41.2%, and 47.4% compared to the
distributed, centralized, and GRU-based solutions, respectively.
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