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Abstract—Effective selection of trustworthy collaborators is cru-
cial to ensuring the successful completion of collaborative tasks,
which requires accurate assessments of both long-term device
behavior and short-term collaborative dynamics. Consistent
device behavior patterns, which are learned from historical
collaborations, can be used to predict their reliability in future
collaborations. However, accurately assessing device behavior
based on historical collaborations remains challenging. First, be-
havior assessment from limited historical collaborations captures
only instantaneous past behavior, failing to represent the devices’
true behavior. Second, due to the temporal dependencies of device
behavior, a unidirectional evaluation that relies only on earlier
collaborations loses the opportunity to learn from subsequent
collaborations. Addressing these challenges requires evaluating
device behavior based on long-term collaborations while consid-
ering both forward and backward temporal dependencies. To this
end, this work proposes a bidirectional Mamba-enabled model
(BM) for long-term behavioral evaluation. For each short time
slot, a graph is constructed among devices based on historical
collaborations, and device behavioral features within the slot
are then aggregated accordingly. Subsequently, a bidirectional
Mamba model integrates these short-term representations across
all time intervals, producing a stable and reliable long-term
behavior evaluation for each device. Experimental results demon-
strate that BM achieves higher evaluation accuracy than baseline
methods, thereby enabling the selection of collaborators that
maximize the value of task completion.

Index Terms—Long-term, Mamba, short-term, trust evaluation

I. INTRODUCTION

With the increasing complexity of modern applications and
interconnected systems, individual devices often face chal-
lenges in handling computation-intensive tasks due to limited
processing power and energy constraints. To overcome this
limitation, distributed resource scheduling has emerged as an
effective approach, allowing tasks to be offloaded to networked
devices with greater computational capabilities [1]. For exam-
ple, in vehicular networks, autonomous vehicles can delegate
computation-intensive tasks to nearby roadside units to reduce
the burden on on-board processors [2]. Similarly, in industrial
IoT scenarios, sensor nodes frequently offload data processing
tasks to edge gateways [3]. These examples underscore the
critical importance of selecting reliable collaborators to ensure
successful task execution.

Trust has become a critical measure for evaluating the reli-
ability of devices in collaborative systems, reflecting a task
owner’s confidence in a collaborator’s ability to successfully
accomplish a task [4]. Accurate evaluation of device trust

requires assessing both long-term device behavior and short-
term collaborative dynamics. Historical collaborations contain
implicit behavioral patterns of devices, reflecting whether their
performance tends to be reliable or unreliable. Such patterns
enable us to predict their reliability in future collaborative
tasks. Various methods have been proposed recently to eval-
uate the historical behavior of collaborators. For instance,
in [5], trust was assessed for sensor nodes based on their
performance in data collection and communication activities.
In [6], the authors evaluated the trustworthiness of devices
in heterogeneous wireless networks by collecting multidi-
mensional interaction information, such as packet forwarding
success rate and session interruption rate. In [7], the authors
employed a time-window-triggered mechanism to periodically
update node trust, focusing on capturing recent changes in
node behavior. However, these approaches either rely on static
assessments of device behavior or emphasize only short-term
conditions, which makes it difficult to accurately reflect their
actual reliability.

A device’s behavioral patterns are formed through its perfor-
mance across multiple short-duration collaborations. There-
fore, it is necessary to continuously observe and evaluate its
long-term behavior to more accurately reflect its reliability.
Conducting such long-term evaluation, however, introduces
several challenges that must be addressed. First, due to the
complexity of collaborations among devices, an effective
mechanism is required to infer each device’s behavior within a
time slot based on inter-device collaborations. Second, the be-
havior features of a device across time slots are correlated and
display both forward and backward temporal dependencies,
requiring a fusion mechanism to capture these dependencies
for accurate long-term behavioral assessment. Some works
used Long Short-Term Memory (LSTM)-based models to
aggregate features across time [8]. While LSTM is effective
in capturing short-term temporal dependencies, its sequential
computation prevents parallel processing. Consequently, as the
sequence length grows, its efficiency degrades and its ability to
model long-range dependencies becomes limited. Other stud-
ies adopted attention-based architectures, such as Transformer,
to enhance long-term sequence modeling [9]. However, their
quadratic computational complexity with respect to sequence
length results in substantial resource demands and latency,
making them impractical for long-term behavioral evaluation.

Mamba, introduced in 2023 [10], is a neural network frame-
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work designed to efficiently handle long sequential data.
Leveraging the selective state space mechanism (SSM), it
adaptively identifies and preserves critical state information,
allowing the model to effectively capture both short-term and
long-term dependencies in a bidirectional manner. Its linear
computational complexity enables the processing of extended
sequences with high efficiency, making Mamba a suitable
solution for long-term behavioral evaluation in this work.

Based on the aforementioned challenges and the advantages
of Mamba, this work proposes a bidirectional Mamba-enabled
(BM) long-term behavioral evaluation model. The long time
period is first divided into multiple short time slots, and a
collaboration graph among devices is constructed for each
slot based on historical collaboration records. Within each
graph, devices’ historical reliability is aggregated according
to their collaboration relationships, capturing short-term be-
havioral characteristics. Furthermore, the bidirectional Mamba
performs forward and backward scans over the historical
reliability across all time slots to produce accurate long-
term assessments. The main contributions of this paper are
summarized as follows.

• We develop a long-term behavioral evaluation framework
that fully leverages devices’ historical behavior to yield
accurate assessments for collaborator selection.

• We design an effective mechanism to integrate devices’ his-
torical reliability based on their collaboration relationships
within each short time slot, thereby accurately obtaining
short-term behavior assessments.

• We design a bidirectional Mamba-based cross-time-slot fu-
sion model that efficiently captures the temporal depen-
dencies in device behavior over long periods, overcoming
the low-efficiency issues of conventional sequential models
when handling long sequences.

II. SYSTEM MODEL AND PROBLEM DESCRIPTION

We consider a collaborative system comprising a set of devices
K = {k1, . . . , kI}. Each device can function either as a task
owner, producing computational tasks, or as a collaborator,
executing tasks from other devices. A device kj ∈K is char-
acterized by the tuple (kcpu

j , kre
j , k

tr
j , k

ge
j ), where kcpu

j denotes its
CPU frequency, kre

j represents the reception power, ktr
j denotes

the transmission power, and kge
j is the coordinate in physical

space. To monitor collaborations, a dedicated device collects
performance indicators from participating collaborators. All
observed collaborations over a period T are stored in a dataset
F . Each entry f(ki,kj) ∈ F corresponds to an event where
device kj assists device ki in completing a task, including rel-
evant performance indicators such as task transmission results,
task computation results, and others. We assume that device ki
generates a task θ = (θsize, θdes, θtrust), where θsize denotes the
task size, θdes represents the processing density (cycles/bit),
and θtrust indicates the minimum trust threshold for potential
collaborators. Due to limited computational resources, device
ki offloads the task θ to a reliable collaborator for execution.

A. Trust Model

A device’s trustworthiness depends on its past collaborative
behavior and available resources. The trustworthiness of device
kj as evaluated by device ki is defined as:

T(ki,kj) = T beh
(ki,kj)

(Fkj
)T res

(ki,kj)
(θ), (1)

where Fkj ∈ F represents the set of historical collaboration
records associated with device kj , T beh

(ki,kj)
∈ [0, 1] denotes the

historical reliability, and T res
(ki,kj)

∈ [0, 1] is the task-specific
resource trustworthiness.

B. Task Transmission and Task Computation Models

Once the trust evaluation is completed, devices whose trust
scores exceed the minimum required threshold are considered
as potential collaborators. Suppose that device kj is selected
as the final collaborator. Then, the achievable transmission rate
between the task owner ki and device kj is computed as:

γ(ki,kj) = W band log2

(
1 +

ktr
i g(ki,kj)

N0

)
, (2)

where W band represents the channel bandwidth, ktr
i is the

transmission power of ki, N0 is the noise power, g(ki,kj)

denotes the channel gain between devices ki and kj . A simple
channel model is adopted: g(ki,kj) = |kge

i − kge
j |−α0 , where

|kge
i − kge

j | is the distance between devices, and α0 = 4 is
the path loss factor. Based on the transmission rate, the task
transmission time and the corresponding energy consumption
are approximated as follows: [11]:

ttr
(ki,kj)

= θsize/γ(ki,kj), (3)

Etr
(ki,kj)

= ttr(ktr
i + kre

j ), (4)

where ttr
(ki,kj)

is the task transmission time, and Etr
(ki,kj)

represents the sum of the transmission energy consumed by the
task owner ki and the reception energy consumed by device
kj . Subsequently, device kj executes the task θ using its local
computational resources. The computation time and energy are
expressed as [12]:

tcom
kj

= θsizeθdes/kcpu
j , (5)

Ecom
kj

= ϵ(kcpu
j )2θsizeθdes, (6)

where ϵ(kcpu
j )2 is the coefficient denoting the consumed energy

per CPU cycle, and ϵ is set to 10−11 according to the measure-
ments in [13]. Therefore, the total task time for device kj to
execute the task θ is the sum of the task transmission time and
the task computation time, expressed as ttot

kj
= ttr

(ki,kj)
+ tcom

kj
.

Likewise, the total energy consumption in this process is
calculated as Etot

kj
= Etr

(ki,kj)
+ Ecom

kj
.

C. Value as a Metric

To measure the task owner’s satisfaction with device kj when
executing the task θ, we introduce the value of task completion
(VoC) as a metric to quantify the execution outcome, which
is defined as:

Vkj
= ξ1V

time
kj

+ ξ2V
ener
kj

, (7)
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where ξ1 and ξ2 are the weight parameters, 0 ≤ ξ1, ξ2 ≤
1, ξ1 + ξ2 = 1. The term V time

kj
quantifies the satisfaction

from the task completion time perspective. Following the Kano
satisfaction model, it is given by [12]:

V time
kj

=

{
1, if tcom

ki
≥ ttot

kj
;

e
−|(ttot

kj
−tcom

ki
)/tcom

ki
|
, if tcom

ki
< ttot

kj
,

(8)

where tcom
ki

denotes the task time if the task θ is executed
locally by the task owner ki, which is obtained from Eq. (5). If
ttot
kj

is greater than tcom
ki

, then V time
kj

is less then 1 and decreases
as ttot

kj
increases. Similarly, V ener

kj
measures the satisfaction from

the energy consumption perspective, expressed as:

V ener
kj

=

{
1, if Ecom

ki
≥ Etot

kj
;

e
−|(Etot

kj
−Ecom

ki
)/Ecom

ki
|
, if Ecom

ki
< Etot

kj
,

(9)

where Ecom
ki

is the energy consumption if the task θ is executed
by the task owner ki, which is calculated using Eq. (6).

D. Problem Formulation

It can be observed that the VoC depends on which collaborator
is selected. Accordingly, this study aims to identify a trusted
collaborator to execute the task θ for the task owner ki that
maximizes the VoC:

max
K

Vkj
, (10)

s.t. T(ki,kj) ≥ θtrust, ∀kj ∈K, kj ̸= ki (11)

Fkj ∈ F . (12)

Constraint (11) states that the trustworthiness of the selected
collaborator should meet the minimum trust threshold θtrust.
Constraint (12) specifies that the historical evaluation should
be entirely based on the collected historical collaboration data.
As indicated by the formulated problem, accurately assessing
device trustworthiness from long-term historical collaboration
data is essential for achieving reliable collaborator selection.

III. BIDIRECTIONAL MAMBA-ENABLED LONG TERM
BEHAVIORAL EVALUATION

To enable accurate collaborator selection, this study proposes
the BM model for long-term behavioral evaluation, as shown
in Fig. 1. The model captures a device’s fine-grained historical
behavior within each short time slot based on its collaboration
relationships. Short-term behavioral features are then fused
across the entire time horizon to derive a long-term behavioral
evaluation for each device. This section first briefly introduces
the Mamba, and then provides a detailed description of the
proposed BM model.

A. Mamba

The Mamba model is a neural architecture recently introduced
to capture long-range temporal dependencies efficiently, while
keeping computational costs linear, providing a practical alter-
native to attention-based models like Transformer. It builds on
the SSM mechanism, which treats sequences as continuous-
time dynamical systems. By leveraging the state-space rep-
resentation, Mamba incorporates a selective mechanism that

Fig. 1. The proposed BM model. (a) Constructing a sequence of historical
collaboration graphs. (b) Performing fine-grained reliability fusion for devices
within each time slot based on historical interactions. (c) Using Mamba to
evaluate devices’ long-term historical reliability.

adaptively controls how information is retained or discarded at
each time step. In this continuous-time formulation, the hidden
state h(t) and output y(t) evolve according to:

h
′
(t) = Ah(t) +Bx(t), (13)
y(t) = Ch(t), (14)

where x(t) denotes the input sequence, and A, B, C are learn-
able parameter matrices. For scenarios with discrete inputs,
the continuous-time SSM in Eq. (13) is discretized using the
zero-order hold method [14], yielding the following discrete
formulation:

h(t) = Ah(t− 1) +Bx(t), (15)
y(t) = Ch(t), (16)

where A = exp (∆A), B = (∆A)−1(exp (∆A)−I)(∆B), ∆
is a specified sampling timescale for the discretization.

B. Historical Collaboration Graph Sequence Construction

A device’s historical reliability is evaluated based on the
collaborative behavior observed by its collaborating devices.
To represent these collaboration relationships, a sequence of
historical collaboration graphs is constructed across multiple
short time slots. Specifically, the continuous time axis T is
divided into S equal-length time slots, denoted as {t1, . . . , tS}.
Correspondingly, the historical collaboration dataset F is parti-
tioned into subsets {F (t1), . . . ,F (tS)}, each representing the
collaborations occurring within a specific slot. For each time
slot ts, a historical collaboration graph G(ts) is constructed to
model collaboration dependencies among devices based on the
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corresponding subset F (ts). An edge e(ki,kj) from device ki to
device kj is added if device kj assists ki in completing a task
during ts. The edge weight quantifies the historical reliability
of device kj as evaluated by device ki based on their direct
collaborations, computed as:

T col
(ki,kj)

=
1

N(ki,kj)

N(ki,kj)∑
n=1

(
α1p

tr
n + α2p

com
n

)
, (17)

where ptr
n indicates task transmission success (1) or failure (0)

for the n-th collaboration in time slot ts, and pcom
n indicates

task computation success (1) or failure (0). N(ki,kj) is the
number of tasks received by device kj from device ki. The
parameters α1 and α2 are weights satisfying α1+α2 = 1 and
0 ≤ α1, α2 ≤ 1. Therefore, we obtain the historical collabora-
tion graph in ts, denoted as G(ts) = (K(ts),E(ts),W (ts)),
where K(ts) denotes the set of devices participating in collab-
orations during time slot ts, E(ts) represents the set of edges
capturing pairwise interactions among devices, and W (ts)
represents the edge weight set computed based on F (ts).
By arranging the graphs from all time slots chronologically,
a sequence of collaboration graphs is obtained, denoted as
{G(t1), . . . , G(tS)}.

C. Short-Term Behavior Fusion

In this section, we calculate the historical reliability of each
device in each time slot based on the assessments of all
devices associated with it. During time slot ts, when device
kj acts as a collaborator assisting other devices with task
execution, the devices it assists collectively determine device
kj’s historical reliability in this time slot. In the corresponding
graph G(ts), these assessing devices correspond to the one-
hop in-degree neighbors of device kj . To enable devices to
perceive each other’s historical reliability, a Graph Neural
Network (GNN) is employed to propagate and fuse reliability
information across the network graph. For each neighbor ki,
the historical reliability towards kj is encoded as:

ξkj←ki
= Wkj←ki

ψkj←ki
, ki ∈ Nkj

, (18)

where Wkj←ki
∈ RdT×dT is a learnable weight matrix, Nkj

denotes the set of one-hop in-degree neighbors of device kj ,
and ψkj←ki ∈ RdT represents the binary-encoded embedding
of T col

(ki,kj)
. Following [15], time slot ts is encoded as ηts =√

1
dt
[cos(W1ts), sin(W1ts), . . . , cos(Wdt

ts), sin(Wdt
ts)],

where W1, . . . ,Wdt
are the trainable parameters, dt is the

encoding dimension. Then, a learnable linear projection is
applied to map both ξkj←ki

and ηts to the same dimension
da. For simplicity, the same notations are retained to represent
the projected embeddings. The message from ki to kj is
constructed by concatenating these embeddings:

µkj←ki = xki ⊕ ξkj←ki ⊕ ηts , (19)

where xki ∈ Rda is the device embedding generated via
node2vec, and ⊕ denotes concatenation. Intuitively, µkj←ki

represents the recommendation from device ki to device kj

within time slot ts. After collecting messages from all in-
degree neighbors, kj aggregates them using an aggregation
function:

xkj = AGG(µkj←ki , ki ∈ Nkj ). (20)

To allow reliability to propagate across multiple hops in the
graph, L layers of propagation and aggregation are stacked,
producing the final embedding of device kj at time slot
ts, denoted as xkj

(ts). By concatenating kj’ embeddings
from all time slots, a comprehensive representation Xkj

=
[xkj

(t1); . . . ;xkj
(tS)] ∈ RS×da is constructed, capturing the

temporal dynamics of its historical reliability over the time
period T. This process is applied to all devices to generate
historical reliability embeddings that capture their historical
behavior.

D. Bidirectional Mamba–Aided Long-Term Behavior Fusion

To accurately reflect the historical reliability of devices over an
extended time span, the temporal embeddings obtained from
the previous stage require effective integration. We leverage
Mamba to implement a long-term historical evaluation fusion
model that captures both forward and backward temporal
dependencies, yielding precise historical assessment results.
Each Mamba layer in our design consists of a forward Mamba
block and a backward Mamba block. In the forward Mamba
block, device kj’s embedding Xkj undergoes the following
processing pipeline:

Input Preprocessing: The embedding Xkj
is initially pro-

cessed through the linear layer and the 1D convolution,
followed by the SiLU activation function to generate the
intermediate features X̃kj , as follows:

X̃kj
= SiLU(Conv1D(Linear(Xkj

))). (21)

Discretization: The discretized A and B are obtained by the
following steps [15]:

B = Linear(X̃kj
), C = Linear(X̃kj

), (22)

∆ = Softplus(Linear(X̃kj )), (23)

A = Discrete(∆, A), B = Discrete(∆, A,B), (24)

where Softplus(·) is a smooth approximation of ReLU func-
tion, and Discrete(·) is the discretization process.

Selective Scan: The core SSM module SSM(A,B,C) applies a
recursive scan over X̃kj

to produce the temporal output YSSM.
The final output Yfwd of the forward Mamba block is generated
as follows:

YSSM = SSM(A,B,C)(X̃kj ), (25)

Yfwd = Linear(YSSM ⊙ SiLU(Linear(Xkj
))). (26)

As indicated in Eq. (15), the SSM follows a recursive formu-
lation, in which the hidden state h(t) at each step depends on
the preceding state h(t− 1) as well as the current input. This
recursive mechanism allows the model to integrate both the
latest input and the information accumulated from prior steps.
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We use
−−−−→
Mamba(·) to represent all operations of the forward

Mamba block. The backward Mamba block is used to perform
a reverse scan over the elements in Xkj

, formulated as:

Ybwd =
←−−−−
Mamba(Xkj

). (27)

After obtaining the outputs from the forward and backward
Mamba blocks, they are fused and incorporated with the
original input Xkj

through a residual connection to generate
the final embedding Ykj

∈ RS×da , formulated as:

Ykj
= Linear(Yfwd + Ybwd) +Xkj

. (28)

To capture the most significant features, we apply a max
pooling operation to yield the final embedding Ykj

=
maxpooling(Ykj

) ∈ Rda .

By aggregating information over the long-term temporal di-
mension, each device obtains an embedding that captures its
historical behavior characteristics. To evaluate the historical
reliability of device kj from the perspective of device ki over
the long time period T, the embeddings Yki and Ykj are
concatenated and fed into a Multi-Layer Perceptron (MLP),
which is given by:

T beh
(ki,kj)

= MLP(Yki ⊕ Ykj ), (29)

T beh
(ki,kj)

= max(T beh
ki,kj

), (30)

where T beh
(ki,kj)

denotes the output vector produced by the MLP,
and T beh

(ki,kj)
is the maximum value in T(ki,kj).

The BM model is trained by minimizing the cross-entropy loss
between the computed reliability values and the ground-truth
values observed from the historical data.

L = cross entropy(T col,T beh), (31)

where T beh is the set of computed reliability values, and T col

is the set of ground-truth values.

E. Task-Specific Resource Trust Evaluation

Task-specific resource evaluation is an essential aspect of
device trust, as it reflects a device’s capability to complete the
given task θ. For each potential collaborator kj , this evaluation
consists of three components: collaborator willingness, com-
munication resource, and computation resource, as follows:

T res
(ki,kj)

= Twill
kj

T tr
kj
T com
kj

, (32)

where Twill
kj

is the evaluation result of kj’s willingness, which
is given by:

Twill
kj

=

{
1, kj is willing to collaborate;
0, otherwise.

(33)

The assessment of a collaborator’s communication resources
considers several key factors, including channel quality, avail-
able bandwidth, achievable data rate, and transmission relia-
bility reflected by latency, jitter, and packet loss. These factors
jointly determine whether the collaborator can support stable

and timely task transmission. T tr
kj

is the evaluation result of
communication resources of kj , which is given by:

T tr
kj

=

{
1, kj’s communication resources are trusted;
0, otherwise.

(34)

The assessment of a collaborator’s computational resources
considers processing capacity, memory and storage avail-
ability, and operational stability. These factors collectively
indicate whether the collaborator can reliably and efficiently
execute assigned tasks. T com

kj
is the evaluation result of kj’s

computational resources, which is defined as:

T com
kj

=

{
1, kj’s computational resources are trusted;
0, otherwise.

(35)

Collaborator kj’s resource trust T res
(ki,kj)

is set to 1 only if all
requirements are met; otherwise, it is set to 0. This approach
quantifies the reliability of potential collaborators and provides
a basis for task assignment. Based on the combination of long-
term historical behavior assessment and task-specific resource
evaluation, the task owner first identifies the set of devices
whose trust values meet the minimum trust threshold θtrust.
From this set, the device that maximizes the VoC is selected
as the final collaborator.

IV. EXPERIMENTAL ANALYSIS

A. Experimental Settings

To validate the proposed BM model, we implement a wireless
system utilizing the NS-3 discrete-event network simulator
with Python bindings. NS-3 is selected for its capacity to
accurately simulate realistic network behavior and model
distributed computing. We deploy 500 devices. Each device is
configured with a transmission power of 100 mW, a reception
power of 80 mW, and a CPU frequency randomly selected
from the set {2, 4, 6} GHz. The wireless channel is configured
with a bandwidth of 5 MHz and a noise power of −80 dBm.
For the trust evaluation component, the weighting coefficients
α1 and α2 are set to 0.6 and 0.4, respectively. The parameters
ξ1 and ξ2 are both set to 0.5. The system is loaded with
10, 000 tasks, executed sequentially. We focused on the face
recognition task, characterized by a default input size of 5
MB and a processing density of 2, 339 cycles/bit [12]. Device
performance data is systematically recorded throughout the
execution of these tasks. Ground-truth values for all devices
are generated based on their recorded historical performance,
following the established procedure outlined in [16]. The
initialized embedding dimension is set to 128. The GNN
component utilized L = 3 propagation and aggregation lay-
ers. The output dimensions for these three successive layers
are configured as 32, 64, and 32, respectively. The Mamba
component is constructed with 3 bidirectional Mamba layers.
The dataset is partitioned into an 80% training subset and
a 20% testing subset. Five-fold cross-validation is performed
on the training data, and the training process incorporates
early stopping to prevent overfitting. The model is trained on
the Lambda Vector workstation. Hyperparameters are tuned
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Fig. 2. Comparison of evaluation accuracy. The proposed BM model achieves
the lowest RMSE and MAE values.
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Fig. 3. Both the RMSE comparison and the VoC comparison are conducted
over a longer time horizon. (a) The proposed BM model exhibits the
smallest fluctuation, reflecting superior long-term performance stability. (b)
BM consistently achieves the highest VoC.

by sampling from the following ranges: the learning rate
{10−1, 10−2, 10−3, 10−4}, the L2 regularization coefficient
{10−5, 10−4}, and the dropout rate {0, 0.1, 0.3, 0.5, 0.8}. Un-
less otherwise specified, all presented experimental results
correspond to the best-performing settings: a learning rate of
10−2, an L2 regularization coefficient of 10−5, and a dropout
rate of 0.

B. Comparison of Evaluation Accuracy

We first evaluate the accuracy of the proposed BM model
in historical reliability assessment. Two widely used met-
rics–Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE)–are employed. Lower values of RMSE and MAE
indicate higher accuracy. The comparison results with baseline
methods are presented in Fig. 2. The results are the average
over 10 runs. The proposed BM model achieves the lowest
RMSE and MAE values, demonstrating high accuracy. This
improvement arises from its ability to assess devices’ long-
term historical reliability based on past collaborations. The
performance of LSTM [8] surpasses that of GNN [17] and QS-
Trust [18], yet remains inferior to BM, indicating its limited
capability in capturing long-term temporal dependencies. GNN
only performs spatial fusion and fails to model long-term
information, while QS-Trust relies on a rule-based evaluation
scheme without considering temporal dynamics, resulting in
the poorest performance.

C. Long-Term Performance Comparison

To further evaluate the performance of the proposed model
over long time scales, we assess its performance across 500
time slots. As shown in Fig. 3 (a), BM exhibits the smallest
fluctuation throughout the entire temporal sequence, indicating
stable performance in long-term evaluation. Meanwhile, its
RMSE values consistently remain lower than those of the
comparison algorithms, demonstrating that the proposed BM
model maintains high accuracy in long-term inference. In
Fig. 3 (b), as the minimum trust threshold θtrust increases, the
number of devices that satisfy θtrust gradually decreases, result-
ing in a downward trend in the VoC values for all algorithms.
However, BM consistently achieves the highest VoC across all
threshold levels, indicating its superior capability in accurately
identifying trustworthy collaborators.

V. CONCLUSION

This work has investigated the problem of accurately evaluat-
ing the historical behavior of devices over long-term periods
to support collaborator selection. To address this problem,
the BM model is proposed. It first captures the short-term
historical reliability of devices based on past collaboration
relationships. Then, the bidirectional Mamba is employed to
fuse historical reliability across all time slots to produce stable
long-term reliability evaluation for all devices. Experimental
results demonstrate that BM achieves higher accuracy and
stability in long-term behavioral evaluation, thereby supporting
the selection of collaborators that maximize the VoC. By en-
abling reliable and adaptive collaborator selection in dynamic
and complex environments, this model paves the way for more
robust, intelligent, and trustworthy collaborative systems.
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