
npj | wireless technology Article

https://doi.org/10.1038/s44459-025-00006-x

Enhancing intelligence in multi-agent
systems with edge-assisted causal
knowledge aggregation

Check for updates

MuhammadWaqas Nawaz1 , Muhammad Mahtab Alam2, Rafiq Swash3, Qammer H. Abbasi1,
Muhammad Ali Imran1 & Olaoluwa Popoola1

Dynamic and uncertain environments pose major challenges for multi-agent autonomous systems,
particularly in achieving robust simultaneous localization and mapping (SLAM) and efficient
knowledge sharing across robots. Conventional data-driven methods often overlook underlying
causal structures, resulting in spurious correlations and limited generalization. To address this, we
present CASK—an edge-assisted causal knowledge aggregation framework that fuses structured
causal inference with data-driven learning to improve adaptive decision-making. A key feature is a
time-based normalization mechanism that ensures mapping consistency across varying operational
speeds, enabling speed-independent transfer of spatial knowledge between heterogeneous agents.
We validate CASK through simulations and real-world experiments using autonomous ground
vehicles, a class ofmobile robots. Results show substantial gains over state-of-the-artmethods: up to
20% higher success at low speeds, 40% at high speeds, 50% lower trajectory deviation, and 45%
fewer re-planning steps. These findings demonstrate how causal inference combined with mobile
edge computing enables scalable, reliable, and generalizable autonomy in multi-agent systems.

SLAM problem is widely considered one of the most crucial challenges in
developing fully autonomous ground vehicles1. The development of
autonomy has accelerated over the past 20 years due to advancements in
artificial intelligence, machine learning (ML), and sensor technology2. A
robust SLAM solution would unlock new applications in multi-agent
robotics, making it crucial for real-world deployment. Data-driven
approaches have proven successful, as evidenced by new vehicle models
with intelligent driving assistance and commercial L4 robotics operations3–5.
However, efficiently computing, storing, and exploiting SLAM posterior
distributions at scale remains challenging. Rising communication and sto-
rage costs limit purely centralized cloud solutions for large fleets of Internet
of Things (IoT) devices6.

Mobile edge computing (MEC) helps overcome these limitations by
providing high data rates, low latency, and scalable connectivity beyond 5G.
As 6Gnetworks are standardized and deployed, theywill further strengthen
on-device intelligence and real-time decision-making in autonomous
systems7. These advances are accelerating the autonomous-robotics eco-
system by enabling tighter perception–planning loops and resilient
coordination8. Autonomous systems used in vacuuming, search and rescue,
and transportation depend on accurate environment maps for effective

navigation, often without GPS1. Generalization across environments is
difficult: transfer learning9, multi-task learning10, and meta-learning11 offer
reuse of prior knowledge but typically assume that the target distribution is
close to the source. When this assumption fails, models can learn spurious
correlations and degrade under distribution shift. We therefore focus on
principled mechanisms that preserve the structure needed for cross-
environment generalization rather than emphasizing broad notions such as
artificial general intelligence(AGI). Although these learning paradigms are
often discussed together, their distinct algorithms can lead to confusion—
particularly when applied in varying environments. This complexity
underscores the need to address task composition and hierarchy12, as
developing models that reliably predict outcomes in unseen environments
remains a central challenge.

Counterfactual reasoning is essential for understanding how systems
would behave under hypothetical interventions. Yet formalizing counter-
factuals is challenging within standard logic, algebra, or probability, as it
requires a language capable of separating invariant mechanisms from
contingent beliefs13. In scientific practice, extrapolating findings across
contexts is common, but purely statisticalmodels remain reliable onlywhen
underlying conditions are unchanged; once mechanisms shift, predictive
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performance deteriorates. This limitation underscores the need for a robust
framework to generalize knowledge across diverse environments.When the
target environment diverges substantially from the source, traditional
transfer strategies—such as online/offline learning, weight sharing14, or
meta-learning—often underperform because they fail to encode the causal
structure governing environmental variability. Without capturing this
structure, transferred knowledge risks introducing bias and spurious cor-
relations, ultimately reducing adaptability and decision accuracy in real-
world deployments. Causal inference offers the theoretical foundation to
address this gap by distinguishing statistical correlations from structural
relationships that remain invariant across domains15.Using causal diagrams
and selection variables, it is possible to explicitly model how mechanisms
differ between environments16, while do-calculus provides the formal con-
ditions for transporting knowledge reliably17.Although these tools have seen
application in embodied autonomy18, they have largely been limited to
specific prediction or explanation tasks—such as motion intent estimation
or lane-change detection—rather than being integrated into SLAM-based
knowledge aggregation pipelines19,20.

Our approach builds on Pearl’s structural causal models and directed
acyclic graphs (DAGs)13. Since causal relationships canvary across domains,
we begin by defining the underlying structure of interest, with an emphasis
on physical influence—where manipulating causes leads to observable
changes in effects. Tooperationalize this,we focuson experimentalmethods
that enable localmodelers to capture interactions among endogenous states,
quantify the impact of exogenous inputs, and embed invariant causal
knowledge into theirmodels. Buildinguponour earlierwork7,14,21, we extend
this direction by identifying three key limitations that prior approaches have
not fully addressed: (i) the lack of a systematic procedure to identify and
preserve invariant cause–effect relations across environments; (ii) the
absence of a normalization mechanism to ensure mapping consistency
when agents operate at different velocities; and (iii) the limited validation of
scalability across heterogeneous robotic platforms under edge-assisted
knowledge sharing.

To overcome these challenges, we propose CASK—an edge-assisted
causal structured knowledge aggregation framework—designed to identify
invariant causal structures in dynamic environments for effective knowl-
edge integration. To the best of our knowledge, no existing algorithm targets
this problem. CASK integrates causal selection diagrams into the MEC
pipeline to share only the relations likely to transport across environments
and applies a time-based normalization to stabilize occupancy representa-
tions for speed-consistent mapping. This design enhances scalability in
multi-agent systems, improves robustness, and boosts system intelligence.
By integrating environmental perception with edge causal inference (ECI),
CASK enables do-conditional distributions that support adaptive decision-
making and robust performance across varied operating contexts.

In summary, the contributions of this paper are:
• Causal knowledge framework: A theoretical model for invariant map-

ping of observational variables within a parent–child cause–effect
structure, incorporating an on-device modeler to form a meta-
observational knowledge layer.

• Edge selection diagrams: Integration of observational knowledge into
causal selection diagrams at the edge, where the Edge Knowledge
Modeler (EKM) acts as an intervention layer.

• Time-based normalization: A method to stabilize occupancy repre-
sentations for speed-consistent mapping, improving reliability of
shared knowledge in dynamic settings.

The proposed framework is validated through simulation and offline
experiments on a UGV and a mobile robot, showing improved general-
ization, reduced relearning, and efficient resource use. Performance is
assessed with three metrics: trajectory deviation Δtraj (difference between
planned and executed paths), success rate Γ (percentage of successful
navigations), and re-planning steps ψ (number of path adjustments due to
environmental changes). Traditionally, selection diagrams assess data
transportability in offline analysis. With our Scotland 5G Centre22 acting as

MEC, we enable real-time adaptation and dynamic knowledge aggregation
with negligible latency.

Generalization has played a pivotal role across various machine
learning (ML)paradigms, oftenunder theumbrella of transfer learning (TL),
with the common objective of improving learning efficiency and
adaptability23. In supervised learning, deep transfer learning (DTL) has been
employed to address the challenge of insufficient training data for target
tasks through domain-based and feature-space-based methods24. However,
DTL methods face significant limitations for general, autonomous AI sys-
tems in multi-agent because: (1) They rely on human intuition to select
source and target domains. (2) They struggle to address the unknown
changes in data distributions caused by agent-environment interactions. In
contrast, reinforcement learning (RL)25 provides a framework in which
agents learn by interacting with the environment, taking actions, altering
states, and receiving rewards. Transfer learning inRL (RTL) involves reusing
knowledge—such as policies, reward functions, or value functions, learned
fromone task toperformanotheror similar task.However,RTLmethods are
constrained by reliance on human intuition and goal-entangled, task-
specific knowledge. These limitations extend to deep reinforcement learning
(DRL), particularly when target tasks change unpredictably26,27.

The concept of environmental covariate shift refers to situations where
theprobability distributionof certain environment related variables changes
across domains, while the conditional relationships between variables
representing causal mechanisms are assumed to remain invariant28–30. This
assumption can break down in scenarios where static layouts differ or
dynamic environmental factors alter these distributions, thereby affecting
the conditions under which heterogeneous multi-agents operate. Rojas-
Carulla et al.31 demonstrated that optimal predictors for transfer domains
can be constructed using only the causal parents of a variable, aligning with
Pearl’s assertion that causal relations represent invariant physical
mechanisms32,33. Unlike traditional machine learning, causal reasoning
offers several advantages, including transparency, testability, the ability to
predict through interventions, and robustness to missing data34.

Causal inference, which involves deducing cause-effect relationships
among variables13, often relies on observational data in causal discovery
methods, but this approach is limited, especially for agents learning inter-
actively. In contrast, our work operates within the interventional regime,
where variables can bemanipulated to observe their effects on the system. In
summary, SLAM generalization across environments remains challenging,
with traditional transfer methods often failing under distribution shift.
Counterfactual reasoning and causal inference offer a principled way to
capture invariant structures, yet their use in SLAM-based knowledge
aggregation is limited. Our proposed CASK framework addresses this gap
through MEC-enabled causal selection diagrams and time-based normal-
ization, improving scalability, robustness, and adaptability in multi-agent
systems.

Results
This hierarchical knowledge-sharing framework is validated in two distinct
environments, E(π1) and E(π2), using unmanned ground vehicles (UGVs):
the Jackal Clearpath J-100 equipped with a VLP-32C Velodyne LiDAR for
r1, and the TurtleBot4 equipped with an RP LiDAR-A1 for r2. Both robots
ran the ROS SLAM Toolbox (https://github.com/SteveMacenski/slam_
toolbox) for 2D occupancy grid mapping and localization, integrating
LiDAR and odometry inputs in real time. Offline and real-time tests were
conducted to evaluate the framework’s ability to generalize across envir-
onments, focusing on knowledge transfer efficiency and navigation per-
formance. In both environments, the robots navigated a 2D closed-loop
path,with environmental data—either occupancy grids, trajectories, or both
—stored at the edge for subsequent knowledge aggregation, as shown in
Fig. 1.

Each map cell (ci) was assigned a probability value: static objects
(St ¼ 1 if occupied, else 0) and dynamic objects (Dt = 1 if occupied, else 0),
basedonLiDARandodometry readings.Anoccupancy thresholdof 0.65, as
in ref. 35, determined whether a cell was occupied or free. Further, an edge
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server facilitated communication between simulations, enabling message
exchangewithminimal latency. The goalwas to extract and transfer causally
learned models across environments using our proposed algorithm,
enhancing system perception and adaptability. Offline simulations ensured
system compatibility. Data from each environment was uploaded to the
edgemodeler, which identified perceptual variables and stored them as a S*.
Upon a transition request, the edge accessed the selection node (Sr) for the
target environment and shared it with the requesting node. The target node
integrated this perceptual awareness using Eq. (20), enabling adaptive
navigation in dynamic environments.

Evaluation
The performance of both systems is evaluated by comparing the acquired
mapknowledge, shapedby the causal structuremodel (20), usingmaximum
mean discrepancy (20). To assess the impact of environmental knowledge
on navigation efficiency, evaluation begins in the training environment E1
with r1, and the learned causal knowledge is subsequently tested on r2 in
unseen environments E1 and vice versa. Figure 2 presents a comparative
analysis of system performance across two environments. In Fig. 2a, r1,
trained inE1, uploads collected data to the edge. The edgemodeler identifies
and stores invariant environmental mappings in a knowledge-sharing
matrix, ensuring seamless adaptation across environments, as formulated in
Eq. (22). The controller (Cq) facilitates inter-environment communication,
ensuring seamless transitions. Upon receiving a command, the edge
modeler processes the target environment query and transmits structured
knowledge to r2, enabling it to execute the desired trajectory (Fig. 2c). The
comparative analysis between the ground-truth and causally inferred tra-
jectory (Fig. 2d) highlights the system’s ability to generalize in an unfamiliar
environment with minimal deviation, enabled by edge-assisted knowledge
aggregation. Notably, r2 bypasses local path construction, leveraging pre-
computed observation mappings from the edge. This structured transfer of
knowledge allows r2 to dynamically adapt its trajectory, ensuring efficient
and informed navigation.

Furthermore, the systemcontinuously updates itsmodel to account for
any environmental changes, ensuring adaptive and precise path planning
based on real-time observations. The above goal is achieved by continuously

updating theoccupancygridmap forboth static anddynamicobjects during
navigation. The occupancy grid map Gedge is stored at the edge, where each
cell ci has an occupancy probability p(ci). The edge system provides the
initial environment model, and as the trajectory progresses, new observa-
tions are incorporated into the edge system, ensuring up-to-date informa-
tion for future navigation. Figure 3, compares the results of the twomethods
(1) without knowledge aggregation and (2) proposed with edge-assisted
knowledge aggregation under max-speed conditions of two autonomous
systems, respectively. The results show a trajectory performance of the
causal learned knowledge versus a true model trained in E1, E2. In Fig. 3a,
when learned knowledge of r1 is applied to a new r2 with a novel edge
aggregated input mapping, the zero-knowledge learned robot r2 shows a
negligible prediction error and deviation from the true trajectory due to its
ability to generalize provided occupancy map effectively into the new
environment and vice versa. In contrast Fig. 3b, the causal learned model
maintains low prediction errors, closely following the optimal path without
building the occupancy map.

Performance under varying speeds
This section evaluates the proposed system’s real-time capabilities under
low-speed and high-speed operation, addressing the need for robust navi-
gation performance in dynamic environments as outlined in the problem
definition. To this end, we systematically test the proposedmethods in both
low-speed and high-speed scenarios, conducting an in-depth analysis of
their planning results and performance differences through simulation
experiments.

The study examines three navigation strategies: (1) a static occupancy
map using ROS, (2) time-based normalization for speed-consistent map-
ping, and (3) edge-assisted causal knowledge aggregation. The static map
remains unchanged despite speed variations, while (2) dynamically adjusts
occupancy probabilities to ensure consistency: ptimeðciÞ ¼ αSt þ βDt .
where α represents the weight assigned to spatial information St , capturing
the occupancy state of the environment over time, and β represents the
weight assigned to the dynamic factor Dt, accounting for temporal changes
such as moving obstacles or velocity variations. This ensures real-time
responsiveness by adapting occupancy probabilities to speed variations. By

Fig. 1 | Initial robot positions for two experiments conducted in James Watt South Building, University of Glasgow, using a UGV and a mobile robot.
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stabilizing occupancy over time, (2) enhances (3), providing reliable spatial-
temporal data formore accurate and adaptive knowledge aggregation across
environments.

Given that different robots operate at varying speeds, the proposed
time-based map normalization ensures that shared knowledge remains
relevant across different velocity profiles. If an occupancy grid is initially
collected at speed v and another robot navigates at speed v0, the occupancy
probability updates as p0ðcijS;Dt ; v

0Þ ¼ αSt þ βDt , ensuring consistency
in navigation. The edge-assisted knowledge-sharing mechanism further
extends this approach by integrating real-time sensor updates into the
occupancy grid, using the formulation: pedgeðciÞ ¼ αSt þ βDt þ
In½ sensorupdate � where I, represents the influence of real-time knowledge
updates. This optimization improves accuracy by dynamically refining
occupancy data based on real-time observations, ensuring a more robust
and adaptive navigation strategy.

To validate the approach, real-timedatawas collected fromaUGVand
a mobile robot operating at different speeds, providing a diverse dataset for

training the simulationmodel. This real-world dataset was then used to test
the proposed method in simulation, analyzing how the occupancy grid
adapts to different speed factors. As described in our experimental design,
static objects are represented as St ¼ 1 if occupied, otherwise 0, while
dynamic objects are represented as Dt = 1 if occupied, otherwise 0. This
approach was implemented in our real-time experiment to ensure accurate
environmental perception. However, to assess the robustness of our model,
we introduced occupancy label-swap augmentation, where occupancy and
dynamics labels were randomly swapped from 1 to 0 and vice-versa. This
modification simulates environmental transitions by altering spatial dis-
tributions, ensuring that while π�ðStÞ and π*(Dt) remain approximately
consistent across different environments, the conditional probability
π�ðDt jStÞ varies. This augmentation process evaluates the adaptability of
ourmodel in dynamically changing environments. Figure 4 shows the speed
variations over time for mobile and UGV autonomous systems, compared
to the target trajectory and normalized causal simulated approach. The
normalized causal simulated speed closely follows the target trajectory, with

Fig. 2 | A comparison of robot trajectories and mapping strategies on an X–Y
surface. a Jackal robot trajectory in blue,b knowledge separation at the edge showing
environmental data sharing, c shared knowledge with TurtleBot 4 visualised in red,

d compared trajectories in closed-loop path planning, and e extracted occupancy
map in environment π2.

Fig. 3 | A comparison between the squared prediction error MMD. a Causal Trained r1 vs Causal learned r2 in unseen environment π1. b Causal Trained r2 vs Causal
learned r1 in unseen environment π2.
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Jackal ClearPath adapting faster than TurtleBot4. The data also includes
maximum speed data collected for both platforms, extending to higher
speeds in the simulation. The causal knowledge-sharingmodel smooths out
fluctuations, enhancing speed regulation and improving trajectory-
following accuracy.

Figure 5 shows that, through causal knowledge aggregation from
autonomous systems operating at different speeds and distances, the pro-
posed CASK model (green) maintains a high level of path-following accu-
racy even in previously unseen environments. By leveraging speed-
consistent, time-normalized occupancy mapping and edge-assisted
knowledge sharing, the model preserves navigation intelligence across
varying conditions, enabling robust trajectory tracking where traditional
SLAM approaches tend to drift. In contrast, conventional methods need to
perceive and reconstruct the environment from the beginning in each
deployment, which is computationally inefficient.

Table 1 shows that static occupancy maps cause greater trajectory
deviations at high speeds due to their limited adaptability. Time-based
normalization improves adaptability but lacks real-timeupdates, limiting its
performance. In contrast, the edge-assisted approach achieves the lowest
Δtraj, the highest Γ, and the lowest ψ,, validating the effectiveness of inte-
grating causal knowledge aggregationwith speed-aware normalization. The
bold values in the table highlight these best-performing metrics—lowest
trajectory deviation, highest success rate, and fewest re-planning steps—
demonstrating the superiority of the edge-assisted method across all speed

conditions. These findings confirm that the CASK approach significantly
enhances system intelligence, navigation accuracy, and robustness in
dynamic environments. Compared to traditionalmethods, CASK leverages
MEC for real-time adaptation and efficient knowledge transfer, addressing
limitations in prior works28–30 that rely on static models and minimal
assumptions.

Discussion
The proposed CASK framework demonstrates strong effectiveness in
enabling knowledge transfer and robust navigation across heterogeneous
robots and environments. By combining causal inferencewith edge-assisted
knowledge aggregation, the system reduces trajectory deviation and re-
planning steps while achieving consistently higher success rates compared
to static mapping and time-based normalization. Importantly, knowledge
extracted in one environment and deployed in anothermaintains predictive
accuracy under varying robot speeds and dynamic conditions, highlighting
the adaptability of the framework. This performance is driven by the inte-
gration of speed-consistent occupancy normalization and edge-level causal
modeling, ensuring that shared knowledge remains valid across diverse
platforms without the need for computationally expensive relearning.

The experiments, conducted on both UGV and mobile robot plat-
forms, confirm that the framework generalizes beyond simulation, with
CASK (green trajectories) closely tracking ground truth in previously
unseen environments, whereas conventional SLAM-based approaches
often drift or require complete map reconstruction. Moreover, by embed-
ding a causalmodeler between odometry acquisition and SLAM, the system
performs causal-relational analysis before map generation, further enhan-
cing robustness. While the validation is limited to indoor scenarios and
moderate-scale environments, results consistently demonstrate improved
trajectoryprediction, reduced relianceon local pathplanning, and enhanced
generalization. Collectively, these findings establish CASK as an effective
mechanism for structured knowledge aggregation, improving adaptability,
robustness, and efficiency in dynamic real-world deployments.

Methods
Notations and preliminaries
Figure 6 illustrates the overall structure of the proposed CASK framework.
Each environment Er∈ πk (for k= 1,…, n) is equippedwith a localmodeler
MEr

, which captures endogenous variablesV= {v1,…, v∣V∣} (e.g., robot pose,
velocity, occupancy) and exogenous variables U = {u1, …, u∣U∣} (e.g., odo-
metry ut, perception zt, weather). Relations R and structural functions F
describe their evolution, with variables denoted in uppercase (e.g.,
Z;X;Ck;Y) and values in lowercase. A causal state-update is x(t) = f(x(0),
u(0: t), v(0: t)) and incrementally xðt þ 1Þ ¼ ~f ðxðtÞ; uðtÞ; vðtÞÞ.

The local models are transmitted to the edge modeler Medge, which
integrates observational and interventional data via do-calculus and selec-
tion diagrams. The interventional query layer then computes transportable
causal quantities that are used by the controller Cq for adaptive decision-
making. This layered architecture enables heterogeneous agents to share

Fig. 4 | Simulated Control Experiment of Speed and Time parameters.

Fig. 5 | Trajectory tracking across varying speeds and distances. CASK (green)
maintains accuracy in unseen environments without rebuilding maps from scratch.

Table 1 | Performance comparison of different knowledge-
sharing approaches under forward varying speed conditions

Approach Speed
(m/s)

Trajectory
deviation
(m)

Success
rate (%)

Re-planning
steps

Low High Low High Low High

Static
Occupancy Map

10 0.42 0.78 75 52 5.2 9.8

40 0.55 1.02 68 45 6.0 11.2

Time-Based
Normalization

10 0.35 0.62 82 67 4.1 7.5

40 0.40 0.75 78 60 4.5 8.1

Edge-Assisted
Knowledge
Aggregation

10 0.21 0.38 95 89 2.3 3.9

40 0.28 0.50 91 85 2.6 4.2
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causal knowledge efficiently, ensuring scalability and robustness in dynamic
environments.The following definitions formalize the components of this
architecture.

Structural Causal Model (SCM): An SCM is defined asM = 〈U, V, F,
P(U)〉, where:
• U: exogenous variables,
• V: endogenous variables determined by U ∪ V,
• F: structural functions fi: Dom(U∪PAi)→ViwithPAi as parents ofVi,
• P(U): probability distribution over U.

Causal Diagram: A causal diagram G is a DAG where:
• Solid nodes: endogenous variables,
• Hollow nodes: exogenous variables,
• Directed edge Vc → Ve: direct influence,
• Bidirected edgeVa↔Vb: shared exogenous parent.Example: In SLAM,

robot pose is a solid node, while rain affecting LiDAR is a hollow node.
Interventions and Do-Calculus: An intervention do(X = x) represents

actively setting the variableX to the value x, replacing its original assignment
in the structural equations F. In graphical terms, this means removing all
incoming edges intoX in the causal graph.Wedenote themodifiedgraph as
GX , where the overline “�” indicates an intervention that cuts incoming
edges to the variable.

Do-calculus: provides three transformation rules for manipulating
interventional and observational probabilities under certain conditional
independence constraints in the modified graph:
• Rule 1 (Insertion/Deletion ofObservations): (y∣do(x), z,w) =P(y∣do(x),

w) if Y is independent of Z givenX andW in the intervened graphGX .
Meaning: IfZ provides no extra information aboutY onceX andW are
known after intervening on X, then Z can be removed from the
conditioning set.

• Rule 2 (Action/Observation Exchange): P(y∣do(x), do(z), w) =
P(y∣do(x), z,w) ifY is independent ofZ givenX andW inGXZ . Here,Z
indicates that Z is treated as observed rather than intervened upon.
Meaning: In this case, an intervention on Z can be replaced by simply
conditioning on its observed value.

• Rule 3 (Insertion/Deletion ofActions):P(y∣do(x),do(z),w) =P(y∣do(x),
w) ifY is independent ofZ givenX andW inGX;ZðWÞ.Meaning: IfZhas
no effect on Y once X and W are known (after intervening on X and
possiblyW), then the intervention on Z can be removed.

Selection Diagrams and Transportability: Given SCMsM andM* for
environments π and π*, a selection diagramD adds nodes Si→Viwherever

mechanisms or P(Ui) differ. A causal quantity R is directly transferable if
R(π*) = R(π). In particular, P(y∣do(x)) is transferable if ðS ? Y jXÞGX

,
yielding P(y∣do(x), s) = P(y∣do(x)).

Problem definition
Knowledge transfer across environments is challenging because models
often fail to capture the causal structures governing environmental varia-
tions. To illustrate robustness under such changes,we consider autonomous
ground vehicles transferring causal knowledge across domains in three
representative scenarios (Fig. 7).

Scenario 1—Static layout differences (linked to contribution 1:
causal knowledge framework). Consider an autonomous system in
Environment E1, estimating the causal effect of stateX on performance Y
for different layouts Z, shown in Fig. 7a. When transferring to Envir-
onment E2, the distribution P(x, y, z) differs from P*(x, y, z). If layout-
specific effects remain invariant, the causal effect in E2 can be computed
as:

P�ðyj doðxÞÞ ¼
X
z

Pðyjdo ðxÞ; zÞP�ðzÞ: ð1Þ

Identifying when this invariance holds is crucial for reliable knowledge
sharing while preserving causal relationships.

Scenario 2—Unmeasured environmental factors (linked to con-
tributions 1 and 2: causal knowledge framework, edge selection
diagrams). Here, Z is a proxy (e.g., noise density, exogenous variables)
correlated with an unobserved factor such as environmental complexity
(Fig. 7b). If Z has no direct or indirect effect on X or Y, disparities in P(z)
across domains can be ignored:

P�ðyj doðxÞÞ ¼ Pðyjdo ðxÞÞ: ð2Þ

The challenge lies in determining when such proxies can safely be excluded
without degrading transfer performance.

Scenario 3—Dynamic mediating variables (linked to contribution 3:
time-based normalization). In this case, Z is a dynamic mediator (e.g.,
lighting) influenced byX and affectingY (Fig. 7c). If P(z) ≠ P*(z) for each

Fig. 6 | A Core CASK architecture for a learned
causal environment.
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X, the causal effect in E2 becomes:

P�ðyj doðxÞÞ ¼
X
z

P�ðyjdoðxÞ; zÞP�ðzjdo ðxÞÞ; ð3Þ

which reduces to Eq. (1) if Z is unaffected by X:

P�ðyj doðxÞÞ ¼
X
z

Pðyjdo ðxÞ; zÞP�ðzjxÞ: ð4Þ

Capturing such mediators is essential for speed-consistent and robust
mapping.

These scenarios demonstrate that knowledge aggregation for trans-
portability is fundamentally causal, not merely statistical, and directly
motivate the contributions described in “Introduction”.

Task-environment & local autonomous system dynamics
The on-device modeler Mlocal , serves as the first layer in the hierarchical
knowledge-sharing framework, operating at the autonomous agent level. In
an asymmetric world, some dependent variables are observable (Vo ∈ V),
while others are unobserved (Uu ∈ U), linked through local causal factors
like map layout, static obstacles, path constraints, and fixed entry/exit

points, illustrated in Fig. 8. In highly asymmetric environments, knowledge
is location-dependent, whereas in self-similar environments, it remains
consistent. Our nonparametric causal analysis relies on the graph G to
encode assumptions and compute key quantities. Navigation is influenced
by environmental variables:Z0 (priorperception),Z1 (roomdimensions),Z2
(static obstacles), Z3 (path layout), Z4 (entry/exit points), and C (external
factors like lighting and noise). Unmeasured variables Z0 andC introduce
confounding effects, where Z0 shapes the current environment, and C
affects perception and navigation. Figure 9 illustrates the measured quan-
tities inG, including z1, z2, z3, z4, which directly influence navigation (x) and
outcome (y). z1 affects z2, z3, and z4, which in turn impact y. Unmeasured
variables, shown with dashed arrows, include z0 (historical perception) and
C (external factors), both influencing z1, z2, z3, and z4. The absence of a
direct linkbetween z1 and y indicates that its effect ismediated through z2, z3,
and z4. The total effect of x on y can be consistently estimated fromobserved
distributions of x, z1, z2, z3, z4, and y. Assuming discrete variables, this effect
is given by:

PðYj~xÞ ¼ P
z1

P
z2

P
z3

P
z4

Pðyjz2; z3; z4; xÞ � Pðz2jz1; xÞ
"

�P
~x

Pðz3jz2; z1; ~xÞ � Pðz1; ~xÞ
� �� ð5Þ

Here, ~x serves as a summation index over X.

G as models of intervention
By analyzing these causal dependencies, the autonomous system quantifies
how navigation commands influence success in dynamic environments,
considering spatial, static, and perceptual constraints. This leads to:

Pðz0; x; z1; c; z2; z3; z4; yÞ ¼ Pðz0Þ � Pðxjz0Þ � Pðz1jz0Þ
�Pðcjz0Þ � Pðz2jx; z1Þ
�Pðz3jz2; cÞ � Pðz4jz3Þ
�Pðyjx; z2; z3; z4Þ � ϵi

ð6Þ

This recursive decomposition of the joint distribution, similar to
Bayesian networks36, represents probability as a product of conditional
dependencies in G, where ϵi (1≤ i ≤ n) are mutually independent with
arbitrary distributions. Graphically, Fi is represented as a parent node of Xi,

Fig. 7 | Causal selection diagrams for three scenarios. a Static layout differences,
b unmeasured environmental factors, and c dynamic mediating variables.

Fig. 8 | Causal-relational observation framework in multi-agent environments.
Agents operate within an environment (E), collecting observations (Pi(X, Y)) across
regions ({z1, z2, z3, z4, zk}) while navigating and interacting. These observations
enable the formation of causal-relational models linking perception and action for
adaptive behaviour.

Fig. 9 | Causal graph (G) illustrating the effect of autonomous navigation ((X)) on
outcome ((Y)).Directed edges represent causal dependencies among variables ({Z0,
Z1, Z2, Z3, Z4,C}), depicting how latent factors mediate the influence of navigation
decisions on observed outcomes.
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with interventions encoded through standard conditional independence by
conditioning on Fi = fi, as depicted in Fig. 10. This process models inter-
vention as an external force Fi, altering fi, and modifying system behavior.
The influenceof perceptual variablesZi and all unobserved factors including
ϵi into ui, are expressed in a deterministic nonparametric background
model:

Xi ¼ Iðpai; f i; uiÞ; ð7Þ

where pai denotes the parents of the variable xi, and P(xi∣pai) represents the
conditional probability of xi given its parents. where I is a three argument
function: I(q, l,m) = fi(q,m) when l= fi. In this context, the focus is primarily
on the physical impact of the perceptual variables, which represent all
unobserved factors Zi, within a deterministic, nonparametric framework
involving background variables (Ut, Xt) pairs:

xi ¼ f iðpai; uiÞ; for i ¼ 1; 2; . . . ; n; and u 2 U ð8Þ

The joint probability distribution of the variables is given by:

Pðx1; x2; . . . ; xnÞ ¼
Y
i

PðxijpaiÞ ð9Þ

The intervention modifies specific functions while keeping others
unchanged, updating the probability function accordingly. The effect of an
atomic intervention doðUi ¼ u0iÞ is:

Pðx1; ::xn j doðUi ¼ u0iÞÞ ¼
Q

j≠iPðxjjpajÞ if ui ¼ u0i
0 if ui≠u

0
i

�
ð10Þ

This removes P(xi∣pai) from the factorization, severing parent-child
links while preserving the network structure. Applying doðU ¼ u0Þ yields:

Pðz0; z1; c; z2; z3; yjdoðUx ¼ u0ÞÞ ¼ Pðz0ÞPðz1jz0Þ
Pðcjz0ÞPðz2jz1ÞPðz3jz2; cÞPðyjx0; z2; z3Þ

ð11Þ

Ensuring interventions maintain network consistency post-modification,
the updated probability becomes:

Pðu1; . . . ; unjÛ iÞ ¼
Pðu1;...;unÞ
Pðx0ijpaiÞ

if ui ¼ u0i;

0 if ui≠u
0
i:

(
ð12Þ

Keyquestion:Howcanknowledge aggregationacross environments be
achieved using do-expressions, and how can this mechanism be controlled
and transferred?

To address this,we utilizeMECas an interventional layerMedge, where
environmental differences are captured through a selection diagram S

(diamond nodes in G), preserving perceptual disparities and ensuring
consistentnavigationacross autonomous systems.ExtendingP(x1,…,xn) to
compound interventions do(S = s) leads to:

Pðu1; ::un ĵsÞ ¼

Q
ijUi=2SPðxijpaiÞ if u1; . . . � un

consistentwith s;

0 otherwise

8><
>: ð13Þ

Joint edge-causal modeling for global generalization
Once the on-device modeler M processes local sensor inputs to the edge,
the Medge extracts relevant perceptual and state variables. It stores struc-
tured causal knowledge in selection diagrams (S*), which represent invar-
iant mappings across different environments. This knowledge is made
accessible for future agent requests, ensuring scalability and reusability. Each
xk is determined bymonitoring xk−1, zk, and zk−1, following the probability
distribution P(xk∣xk−1, zk, zk−1). The system’s overall performance is cap-
turedby the joint probability:P(y, z1,…, zn, x1,…, xn)where y represents the
outcome. Notably, zk (perception) depends only on the previous observa-
tion zk−1 and the prior state xk−1.

Based on Eq. (13), the performance of P(π) in the new environment,
denoted as P(π*), will be determined by the distribution of the adapted
strategy S*:

P�ðy; x1; . . . ; xn; z1; z2; . . . ; znÞ ¼ P�ðyjx1; . . . ; xn; z1; . . . znÞ
� Qn
k¼1

P�ðxkjxk�1; zk; zk�1Þ

� Qn
k¼1

P�ðzkjzk�1; xk�1Þ

The first two terms remain invariant for state estimation in any
environment and the third one can be known using the edge intervention,
we have:

P�ðyÞ ¼ P
z1;...;zn

P
x1;...;xn

Pðyjz1; . . . ; zn; x1; . . . xnÞ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
term�1Yn

k¼1

Pðxkjxk�1; zk; zk�1Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
term�2

Yn
k¼1

P�ðzkjzk�1; xk�1Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
term�3�

ð14Þ

The term-3* encapsulates the distribution of perceptual variables within
P(π*), acting as the core of collective intelligence. It enables autonomous
navigation in unknown environments by dynamically adapting perceptual
insights and optimizing decision-making strategies based on observed
states. In the most cases, where S* (term-3*) for individual environment
P�ðyÞ ¼ Pðyjẑ1; ẑ2; . . . ; ẑnÞ is deterministic and time-invariant,Zkbecomes
a function of Zk−1, Xk, and Xk−1:

zk ¼ gðzk�1; xk; xk�1Þ: ð15Þ

Then the summation over z1,…, zn can be performed, yielding:

P�ðyÞ ¼ P
x1 ;...;xn

Pðyjx1; x2; . . . ; xn; g1; g2; . . . ; gnÞ

� Qn
k¼1

Pðxkjxk�1; gk�1Þ
ð16Þ

where gk is defined recursively as:

g1 ¼ gðx1Þ; gk ¼ gðgk�1; xk; xk�1Þ: ð17Þ

Fig. 10 | External intervention Fi represented by an augmented network G0 .
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In the special case of a strategy S* composed of elementary actions
do(Sk = sk), the function g degenerates into a constant, zk, and we obtain:

P�ðyÞ ¼ Pðyjẑ1; ẑ2; . . . ; ẑnÞ ð18Þ

which can also be obtained from Eq. (13).

P�ðyÞ ¼ P
x1;...;xn

Pðyjx1; x2; . . . ; xn; z1; z2; . . . ; znÞ

�Q
k
Pðxkjxk�1; zk�1Þ

ð19Þ

This involvesweighting the z-specific effects byP*(x∣z), which needs to
be estimated in the target environment. Additionally, this simplifies to Eq.
(1), yielding Pðxk�1jxk; ẑkÞ ¼ Pðxk�1jxk; zkÞ if P*(z) provided. We first
show how to convert the derived observation value into do-free terms to
depart from typical do-calculus assumptions. This transforms causal
expressions into conditional probabilities based on observed variables,
enabling flexible modeling while preserving the causal structure.

Let Nk denote the perceptual knowledge plan-an ordered sequence of
P(π*) where no elements are descendants of any variables in P(π). The
sequence P�ðẑ1; ẑ2; . . . ; ẑnÞ represents value assignments to perceptual
variables in P(π), with ẑk settingZk to zk. This sequence controls the system,
where each gk(xk) assigns Zk based on Xk while ensuring no descendants of
Zk appear in gk(Xk). A control problem is identifiable in an unseen envir-
onment if the expressionPðyjẑ1; ẑ2; . . . ; ẑnÞ canbe reduced, via do-calculus,
to a form where S appears only as a conditioning variable in do-free terms.
This reduction ensures correct causal inference of interventions on per-
ceptual variables, enabling effective decision-making and robust control in
dynamic environments. We can now state the main theorem:

Proposition1TheprobabilityPðY jẑ1; . . . ; ẑnÞ is identifiable if, for every
1≤ k≤ n, there exists a set Xk of covariates satisfying the following sequential
back-door conditions: Xk ⊆Nk, where Xk consists of non-descendants of {Zk,

Zk+1,…, Zn}, and ðY ?? ZkjZ1; . . . ;Zk�1;X1;X2; . . . ;XkÞG
Zk ;Zkþ1 ;...;Zn

:

When these conditions are satisfied, the causal effect of the knowledge-
sharing Eq. (18) can be reduced to do-free terms in target environment with
edge inference:

Pðyjẑ1; . . . ; ẑnÞ ¼
P

x1 ;...;xn

Pðyjx1; . . . ; xn; z1; . . . znÞ

� Qn
k¼1

Pðxkjx1; . . . ; xk�1; z1; . . . ; zk�1Þ

The proof given here is based on the inference rules of definition 3.4, which
reduces the causal effect formula to hat-free expression to test the
identifiability of the control problem:

Step 1: Using the condition Xk ⊆ Nk, we have:

Pðxkjx1; . . . ; xk�1; z1; . . . ; zk�1; ẑk; ẑkþ1; . . . ; ẑnÞ
¼ Pðxkjx1; . . . ; xk�1; zk; . . . ; zk�1Þ

Thisholds becauseP*(X1,…,Xk,Z1,…Zk−1) consists ofnon-descendantsof
any node in P(Zk, Zk+1, …, Zn), and Rule 3 of do-calculus (definition 3.3)
eliminates irrelevant variables.

Step 2: Further conditioning using the above theorem, permits us to
invoke rule 2 and write:

¼ Pðyjx1; . . . ; xk; z1; . . . ; zk�1; zk; ẑkþ1; . . . ; ẑnÞ

Under the assumption of the sequential back-door conditions, this
simplifies to external intervention when: Pðyjx; do ðẑ1ÞÞ

Pðyjẑ1; . . . ; ẑnÞ ¼
P
x1

Pðyjx1; ẑ1; ẑ2; . . . ; ẑnÞ

�Pðx1jẑ1; . . . ; ẑnÞ
¼ P

x1

Pðyjx1; z1; ẑ2; . . . ; ẑnÞPðx1Þ

¼ P
x2

P
x1

Pðyjx1; x2; z1; ẑ2; . . . ; ẑnÞ

�Pðx1ÞPðx2jx1; z1; ẑ2; . . . ; ẑnÞ
¼ P

x2

P
x1

Pðyjx1; x2; z1; z2; ẑ3; . . . ; ẑnÞ

�Pðx1ÞPðx2jx1; z1Þ
..
.

Pðyjẑ1; . . . ; ẑnÞ ¼
P

x1 ;...;xn

Pðyjx1; . . . ; xn; z1; . . . ; znÞ

Qn
k¼1

Pðxkjx1; . . . ; xk�1; z1; . . . ; zk�1Þ

This establishes the G-identifiability of the global causal relationship in Eq.
(18), optimizing SLAM while maintaining system control. Consequently,
we arrive at thefinal knowledge-sharingmaximizationproblem, formulated
as follows:

max
fẑ1 ;...;ẑng

E½y� ¼ P
x1;...;xn

Pðyjx1; . . . ; xn; z1; . . . znÞ

Yn
k¼1

P�ðxkjxk�1; zk; zk�1Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
S�

ð20Þ

Thisfinal formdemonstrates the decomposition of the probability into
a summationoverZk in the continuous trajectory xk, fulfilling the conditions
for identifiability. This yields an effective decision procedure and further
prove our Eq. (14) that knowing term-3* potentially enhances the system
reliability. To analyze causality testing, we use the maximum mean dis-
crepancy (MMD)37. Since MMD is designed for i.i.d (independen and
identical distribution) data, we extend its validity by deriving conditions for
non-i.i.d. cases and introducing a test statistic:

MMD ðyPi ; yP
�

j Þ ¼ Eyi�P½ϕðxPi Þ� �Eyi�P� ½ϕðxP
�

i Þ�
��� ���

H
ð21Þ

Using Eq. (20), we compare true vs. knowledge-sharing performance
via Eq. (20). The MMD test remains valid with a characteristic kernel if
initial conditions ZP(0), ZP� ð0Þ and input trajectories xP, xP

�
are i.i.d. A

positive MMD indicates distinct trajectory distributions and causal influ-
ence through knowledge aggregation.

Edge knowledge modeler (EKM)Medge
The edge system organizes data using a causal graphG, where each parent-
child relationship defines a deterministic function, accounting for structural
discrepancies (S*). This enables efficient retrieval and adaptation to
dynamic queries. A relation R is identifiable in amulti-environment system
if it can be inferred from knowledge uploaded by autonomous systems
across environments {π1,…, πK} to a target environment π*:

R ¼ fRðπ1Þ; . . . ;RðπK Þ;Rðπ�Þg; ð22Þ

whereR(πk) represents the functional relationships derived fromperceptual
and state variables. Each system independently collects and uploads critical
variables such as state transitions P(xk∣xk−1, zk−1) and perceptual
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observations P(zk∣zk−1, xk−1), forming a shared repository in the edge sys-
tem. This repository enables seamless knowledge transfer, allowing models
from {π1,…, πK} to inform systems in π*. Meta-identifiable relations help
bridge structural differences, ensuring consistent navigation and decision-
making. Perceptual discrepancies (Sr) are stored in the edge system as an
identity matrix:

In ¼

1 0 � � � 0

0 1 � � � 0

..

. ..
. . .

. ..
.

0 0 � � � 1

2
66664

3
77775:

Diagonal elements Iii = 1 represent vehicle autonomy, while off-
diagonal elements Iij=0 indicate independence.Upon receiving a transition
request via controller (Cq), the EKM processes interventional queries to
facilitateknowledge transfer. It identifies perceptual variables (Sr) relevant to
the target environment and retrieves applicable causal submodels from
prior stored experiences. Using causal identifiability, it updates the identity
matrix In with a knowledge-sharing matrix S, where off-diagonal elements
represent shared knowledge:

S ¼

0 s12 � � � s1n
s21 0 � � � s2n

..

. ..
. . .

. ..
.

sn1 sn2 � � � 0

2
66664

3
77775 ð23Þ

The knowledge is then transferred to the target agent, delivering structured
observational data that enables adaptation to the new environment. The
updated model becomes:M = In + S:

Mupdated ¼

1 s12 � � � s1n
s21 1 � � � s2n

..

. ..
. . .

. ..
.

sn1 sn2 � � � 1

2
66664

3
77775 ð24Þ

Once the target agent receives knowledge from the edge, it applies the
acquired information to navigate efficiently. It adjusts its navigation strategy
using learned causal dependencies andmodifies planned paths tominimize
uncertainty. The agent continuously updates its local models based on real-
time observations, ensuring dynamic adaptation to the environment.

Data availability
The datasets generated and analyzed during the current study, including
occupancy gridmaps, robot trajectories, and simulation results, are available
from the corresponding author upon reasonable request. Due to hardware-
specific constraints, real-world UGV and TurtleBot4 data can be shared in
processed form to ensure reproducibility.
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