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Accurate traffic prediction in distributed smart mobility environments remains challenging because local traffic
streams exhibit heterogeneous temporal patterns, while collaborative model training must operate across
distributed regional settings. Existing federated learning (FL) methods typically rely on full-model aggregation.
This can mix updates associated with different temporal roles, thereby producing averaged parameters that
fail to represent either recurrent or irregular traffic dynamics. To address the above challenge, we propose
Federated Sparse Routing for Federated Learning (FSR-FL), a federated Mixture-of-Experts framework for
distributed traffic prediction. FSR-FL introduces a dynamics-informed routing mechanism to select between
recurrent and non-recurrent experts, and an expert-wise aggregation strategy that synchronizes shared experts
according to their actual utilization. In this way, the framework separates heterogeneous temporal dynamics
locally while maintaining structured collaboration through shared-expert synchronization rather than full-
model aggregation. Experiments on the METR-LA and Luzern datasets show that FSR-FL reduces prediction
RMSE by up to 5.6% and 6.7%, respectively, compared with standard federated baselines, while remaining
effective across diverse traffic patterns. These properties make the framework suitable for privacy-preserving
urban computing and edge-side intelligent transportation applications.

1. Introduction frameworks [5]. These results confirm the value of data-driven pre-
diction for intelligent transportation systems [6], but most existing
methods are still developed under centralized training assumptions.
This assumption is difficult to maintain in realistic regional de-
ployments. Traffic data are naturally distributed across regions and
organizations, which limits direct data sharing in practice [7]. At the

same time, traffic streams are highly heterogeneous, with temporal

Modern urban mobility sensing systems are increasingly deployed
across geographically distributed regions, where sensing, storage, and
prediction are often distributed across multiple local infrastructures
rather than within a single centralized platform. In such settings,

traffic forecasting is not only an application problem but also a dis-
tributed learning problem, because prediction models must operate
across regional clients while respecting data locality. Accurate short
and medium term forecasting remains important for congestion mit-
igation, signal coordination, public transport operation, and broader
urban mobility management [1-3]. Recent deep learning models have
shown strong predictive capability for traffic analysis, from congestion-
oriented architectures [4] to integrated network-wide forecasting

patterns shaped by recurring cycles and irregular events such as acci-
dents and extreme weather [8]. Therefore, a collaborative forecasting
framework for regional traffic systems must address two requirements
simultaneously: preserving local data on edge-side clients and support-
ing effective coordination across heterogeneous environments. More
broadly, this makes traffic prediction not only a forecasting problem,
but also an urban computing problem in which distributed sensing
regions must support localized analytics and cross-region collaboration.
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Federated learning (FL) provides a natural basis for such collabora-
tion by allowing clients to train locally and exchange model updates
without exposing raw measurements [9]. Several studies have shown
that FL can achieve competitive forecasting performance in distributed
traffic settings [10]. Nevertheless, standard FL typically relies on full-
model aggregation, which can be ineffective when clients exhibit sub-
stantially different traffic regimes. Under heterogeneous conditions,
client updates may interfere with one another, biasing the global model
toward averaged behaviors that do not adequately represent local
dynamics [11]. Personalized and multi-task variants partially alleviate
this issue, but they still commonly operate at the whole-model or
whole-task level rather than through structured coordination of model
components [12]. The main limitation considered in this work is not
merely the accuracy drop of standard FL, but the role inconsistency
caused by full model aggregation. In heterogeneous traffic environ-
ments, the same shared parameters may be updated by recurrent peak
hour patterns on one client and by event-driven or weather affected
fluctuations on another client. Averaging these updates can produce a
global model that fits an averaged trend but does not explicitly preserve
the physical distinction between stable periodic behavior and irregular
local disturbances. This also weakens interpretability, since a full model
does not indicate which temporal regime contributes to a prediction or
which regime is being transferred across clients.

Mixture-of-Experts (MoE) offers a complementary mechanism for
handling heterogeneous temporal patterns by assigning different inputs
to specialized experts [13,14]. Through gating, MoE can distinguish
routine and irregular traffic behaviors, thereby reducing interference
between competing patterns [15]. This expert specialization has shown
promise for traffic forecasting and can improve interpretability by
leveraging routing behavior [16]. However, most existing MoE-based
traffic models assume centralized training, while current FL-MoE stud-
ies remain limited in traffic settings [17]. In particular, uniform ag-
gregation across experts can blur expert-specific roles and weaken
the benefit of specialization [18]. Moreover, some federated traffic
methods rely on additional spatial or graph information for coordina-
tion [19,20], which may increase the exposure of sensitive network
topology. These limitations motivate a more modular federated design
in which local specialization is preserved while only transferable expert
knowledge is synchronized.

To address these limitations, we propose Federated Sparse Routing
for Federated Learning (FSR-FL), a federated Mixture-of-Experts frame-
work for distributed traffic prediction across heterogeneous regional
clients. In this work, we distinguish between two fundamental traffic
regimes: (i) recurrent patterns, which refer to regular and predictable
behaviors such as daily and weekly cycles, and (ii) non-recurrent
patterns, which encompass irregular, event-driven fluctuations caused
by incidents, special events, or extreme weather. FSR-FL models these
regimes using two specialized experts, keeps routing local for client-side
adaptation, and performs expert-wise aggregation on the server based
on actual expert utilization. This partial-sharing design enables struc-
tured global coordination without resorting to full-model aggregation,
making it better suited to heterogeneous edge-oriented deployments.
Our main contributions are summarized as follows:

» We propose FSR-FL, a federated Mixture-of-Experts framework
for distributed traffic prediction across heterogeneous regional
clients. It separates traffic dynamics into specialized experts and
employs a partial-sharing design to balance global collaboration
with local adaptation in smart mobility-oriented edge environ-
ments.

We design a dynamics-informed routing mechanism and an
expert-wise aggregation strategy. The routing module guides
expert selection based on traffic volatility, while the aggrega-
tion strategy performs structured, expert-level synchronization
based on utilization frequency, ensuring that global updates more
accurately reflect valid local patterns.
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» We evaluate the proposed framework on the METR-LA dataset
and, for the first time in this context, the Luzern dataset. Ex-
tensive experiments show that FSR-FL consistently outperforms
comprehensive baselines in both short-term and medium-term
forecasting scenarios under offline and simulated online settings
relevant to intelligent transportation applications.

2. Related work
2.1. Centralized traffic forecasting models

Traffic forecasting has been studied through a broad range of
centralized methods, from classical statistical models to recent neu-
ral architectures. Classical approaches remain useful as lightweight
and interpretable references. Representative examples include seasonal
ARIMA, Kalman-filter-based prediction, exponential smoothing vari-
ants, pattern matching methods such as enhanced K-nearest neighbor
forecasting, and support vector regression [21-25]. These methods are
effective when periodicity is strong or online updates are required,
but their capacity is limited under regime shifts, nonlinearity, and
high-dimensional cross-sensor dependence.

Learning-based forecasting models improved temporal and spatial
representation power. Recurrent models such as GRUs remain widely
used for stable temporal modeling with moderate context lengths [26],
while temporal convolutions enable efficient parallel learning of local
patterns [27]. Spatiotemporal graph learning further models cross-
sensor interactions, with representative examples including diffusion-
style graph recurrence, Graph WaveNet, and AGCRN [28-30]. At the
same time, a critical review has shown that graph representations
should not be treated as universally beneficial, because performance
depends strongly on how network structure is defined and integrated
[31].

Recent studies have also explored long-context and lightweight
alternatives. Informer is a widely used, efficient attention architec-
ture [32], while empirical analyses suggest that simpler models can
remain competitive on long-horizon benchmarks [33]. In the same
direction, compact architectures such as GLinear and SFNN show that
efficient forecasting can still be achieved without highly complex struc-
tural dependencies [34,35]. In parallel, Mixture-of-Experts (MoE) has
been revisited for traffic forecasting to separate heterogeneous patterns
across time and space. Existing designs, including spatiotemporal MoE
and cascading expert models, indicate that expert specialization can
better capture diverse temporal regimes and provide a clearer basis
for interpretation [13-15]. However, these models are still developed
under centralized training assumptions.

2.2. Federated and modular collaborative forecasting

When data are distributed across regions, federated learning pro-
vides a practical framework for collaborative forecasting without shar-
ing raw data. Prior work includes federated traffic prediction [36,37]
and newer designs that emphasize spatiotemporal dependency, such as
online correlation-based federation and inter-client spatial dependency
modeling for federated graph prediction [19,20]. Cross-city personal-
ization has also been explored [12]. Other studies further consider edge
deployment, blockchain-assisted federation, and decentralized secure
coordination for traffic prediction [38,39]. These studies show that
federated collaboration is feasible in traffic settings, but most methods
still coordinate knowledge at the full-model level.

This limitation becomes more evident under strong client hetero-
geneity. When local traffic regimes differ substantially across regions,
full-model synchronization may mix updates that serve different func-
tional roles, thereby weakening local adaptation and reducing the
interpretability of the shared representation. Recent personalized and
modular FL methods have introduced client-specific heads, layer-wise
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Table 1
Comparative analysis of proposed FSR-FL with existing methods.
Category Representative works Time Space Comm. Personalization ~ Privacy = Heterogeneity  Lightweight
complexity complexity cost
Classical methods Kumar and Vanajakshi [21], Emami Oo(T) ~ o(T) ~ - e} e} @) o
et al. [22], Kumar et al. [23], O(N?) O(N?)
Habtemichael and Cetin [24] and Lin
et al. [25]
Centralized deep Zhao et al. [27], Dey and Salem [26], Li O(LD) ~ O(D) ~ - O @) O )
learning et al. [28], Bai et al. [30], Hussain Rizvi O(LD?*K) O(LDK)
et al. [34] and Sun et al. [35]
Transformer Zhou et al. [32] O(Llog L) O(Llog L) - O e) O O
Federated learning McMahan et al. [9], Liu et al. [36], Liu O(CELD*) ~  0(l6]) O(RC|0)) ) [} ) @)
et al. [37], Liu et al. [19], Yang et al. O(CELN D?)
[20], Zhang et al. [12], Meese et al.
[38] and Guo et al. [39]
Centralized MoE Ke et al. [13] and Li et al. [14] O(LM D?) O(M D?) - ) e) ) )
Proposed FSR-FL O(EnLD?K) o(D?) O(RCP,,,) @ ° ° °

Notation: L: sequence length; D: hidden dimension; N: number of nodes; K: kernel size; T: time series length; C: number of clients; E: number of local epochs; M: number

of experts; R: communication rounds; n: number of samples; S: state dimension; |0]: total parameters; P,,,: shared expert parameters (P,

< |0]). The symbols @(full support),

exp

p(partial support), and O(no support) indicate the level of support for each characteristic; “~” denotes not applicable.

aggregation, and modular parameter partitioning [12,40]. These meth-
ods improve client-level adaptation, but their personalization is usually
tied to clients, tasks, or fixed model partitions, rather than to the
changing temporal role of each local window.

Federated MoE methods are also relevant to heterogeneous FL.
FedMix learns user-specific selections of expert models, while recent
FedMoE-style methods construct personalized sub-MoE structures for
heterogeneous clients [41,42]. However, these methods are mainly
designed for user-level expert selection or large-model adaptation, and
are not specifically developed for traffic forecasting. In regional traffic
prediction, heterogeneity may vary over time within the same client,
since regular intervals and irregular conditions can require different
temporal modeling roles. Centralized MoE-based traffic models have
shown that expert specialization can separate heterogeneous temporal
patterns [13-15], but they do not address how such expert knowledge
should be coordinated across distributed clients. This leaves a gap
between traffic-regime specialization and federated collaboration under
data-locality constraints [43,44].

2.3. Comparison with existing works

To differentiate FSR-FL from existing approaches, Table 1 presents
a comparative analysis across multiple key design dimensions. Specifi-
cally, Personalization evaluates the model’s adaptability to local data
patterns, Privacy preserves sensitive information, Heterogeneity as-
sesses the capability to handle diverse distributions, and Lightweight
reflects the suitability for resource-constrained deployment. In terms
of computational efficiency, FSR-FL optimizes space complexity to
0O(D?), a significant reduction compared to the O(|9|) typically required
by standard Federated Learning. Furthermore, its communication cost
is bounded by O(RCP,,), where P, , < 6|, ensuring scalability
in bandwidth-constrained environments. While classical methods of-
fer lightweight profiles with O(N?) space complexity, they lack task-
specific adaptability. Conversely, Centralized MoE (M experts) and
Transformers handle data heterogeneity and personalization through
architectural depth but require data consolidation, thereby failing to
meet privacy requirements. Standard Federated Learning enables dis-
tributed training (E epochs) but often struggles with localized adapta-
tion. FSR-FL addresses these limitations by integrating a personalized
routing mechanism with expert-wise federation, achieving a superior
balance of O(EnLD? K) time efficiency, robust privacy protection, and
personalization.

3. System overview

The proposed FSR-FL framework is structured into three hierarchi-
cal layers to facilitate collaborative traffic forecasting across hetero-
geneous regions, as illustrated in Fig. 1. At the foundational Physical
Traffic Layer, traffic sensors continuously collect raw data streams
from distributed regions. To maintain data locality and security, these
distinct regional datasets are stored and processed exclusively on local
edge devices (e.g., roadside units), ensuring that raw information never
leaves its source.

The middle layer consists of the Client MoE Architecture, where
the local learning process takes place. Clients are flexibly deployed
across geographic areas, each serving as a regional edge intelligence
node for urban mobility management. Each client employs a specialized
structure designed to handle diverse data patterns. As shown in the
figure, this architecture contains two distinct modules: Expert A, which
captures recurrent periodic patterns, and Expert B, which models non-
recurrent changes. A local gating network analyzes the input features
to dynamically assign importance weights and route the data to the
appropriate expert. This design allows the client to adapt to specific
local traffic conditions before generating the final prediction.

The top layer features the FL Server, which coordinates the global
collaboration. Clients upload their model updates to the server, which
performs an expert-wise aggregation. This mechanism synchronizes
Expert A and Expert B separately, based on their respective utiliza-
tion frequencies across the network. The server then distributes the
refined global parameters back to the clients, completing the work-
flow from data input to the final collaborative output. From a dis-
tributed systems perspective, the framework separates local special-
ization from shared synchronization by confining routing and out-
put adaptation to clients while limiting inter-client coordination to
shared-expert synchronization.

4. Methodology
4.1. Problem formulation

Consider a federated system with clients from different regions
indexed by k € {1,...,K}. Each client k stores a local multivariate
traffic stream and optional exogenous variables. Let ¢ denote the global
time index, L the look-back window length and forecasting horizon
H. Before constructing local forecasting windows, each client maps
its observations to a unified temporal grid defined by the data source.
Optional exogenous variables are aligned to the same timestamps, and
missing values are completed locally using a fixed preprocessing rule.
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Fig. 1. The overall system architecture of the proposed FSR-FL framework for multi-region traffic prediction.

All participating clients use the same temporal resolution, look-back
length L, and forecasting horizon H for window construction. The ef-
fective sequence segment used to generate local samples is also aligned
across participating clients, ensuring that the constructed windows are
comparable in length and chronological coverage.

4.1.1. Input construction

For client k at time 7, the traffic observation is represented by a
vector s,, € R% and the exogenous information is represented by a
vector e,, € R%. The traffic history and exogenous history over a
window of length L are stacked as Egs. (1) and (2)

Sier = [Skamrets s S| € RPE, @

E = [ek’,_LH, s ek’,] e RExde 2)

The model input X, , is obtained by concatenating S, and E,, along
the feature dimension, as defined in Eq. (3).

X, = [Sks Epy] € REXEsHD), 3)

4.1.2. Prediction target

Given the input window X, in Eq. (3), the forecasting task is to
predict the next H traffic vectors, forming the target sequence Y, , in
Eq. (4).

d
Yis = [Siasts o Siarn| € RTE, Q)

Each client k then constructs its local dataset as D, = {(X,,. Y )}
Based on these local datasets, the federated learning objective is defined
in Eq. (5), where the server optimizes the global parameter set © by
minimizing the weighted average loss across clients while keeping raw
data local.

D
mn Z K
i1 20 1Dy
Here, © denotes the trainable model parameters, which will be divided
into shared and private components. The loss function # quantifies
the prediction error between the ground-truth sequence Y and the
predicted output Y.

Eanen, |2 (¥:7)]- ®)

4.2. Framework overview of FSR-FL

Building on the system-level architecture in Section 3, Fig. 2 summa-
rizes the model-side workflow of FSR-FL from local input construction
to expert-wise federated synchronization. Specifically, each client per-
forms (1) temporal windowing and feature construction to align
raw traffic streams with exogenous variables, and forms (2) the in-
put time window and features X, ,. To expose short-term regime
variation, the client further applies (3) input decomposition, where
temporal differences are computed as

AX ) = [Xpmrynr = Xprmpgts o Xpr — Xpyei ] (6)

Next, (4) the routing network uses a client private encoder to
extract local dynamic representations. A routing head maps these repre-
sentations to expert selection probabilities, while the volatility regres-
sion head provides an auxiliary regularization signal that encourages
the encoder to retain local fluctuation information. Based on these
routing probabilities, (5) the shared experts and federated server
coordinate a Recurrent Expert and a Non-Recurrent Expert, whose
outputs are combined while only expert parameters are synchronized
across clients. Finally, (6) the local output maps the mixed expert
representation to the prediction ?k,,. In this way, FSR-FL follows a
partial-sharing design: decomposition, routing, and output mapping
remain local, whereas transferable temporal knowledge is exchanged
only through shared-expert aggregation.

4.3. Dynamics-informed gating via auxiliary volatility regression

To characterize window-level traffic fluctuation, we compute a
scalar volatility target from the traffic sequence rather than from the
full feature vector. Let 5, ,; denote the mean of the ith traffic variable
over the look-back window L. The volatility target is defined as the
average temporal standard deviation over the traffic variables:

e |1 - 2
Ut = = - z (Sk,r,i - gk,t,i) 7
ds i=1 L T=t—L+1
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Fig. 2. An overview of the FSR-FL framework with dynamics-informed routing and expert-wise aggregation.

where d; is the number of traffic variables. The target in equation. (7) is
used as a self-supervised auxiliary regularization signal for the client-
private routing encoder. It should not be interpreted as a hard label
for non-recurrent events, since recurrent peak periods may also exhibit
high fluctuation and sustained disruptions may have low short-term
variation. When exogenous covariates are available, they are used as
conditioning inputs to the routing network, but they are not included
in the volatility target.

This definition is chosen for three reasons. First, it is invariant to
local level shifts within a window, since it measures deviations from
the window mean. Second, it is permutation-invariant with respect to
the ordering of traffic variables, thereby avoiding the assignment of a
fixed priority to a specific client or flow dimension. Third, it provides
a stable scalar target for auxiliary regression. For two traffic windows
S and S/, the target satisfies

[o(S) = v(SH| < S g

(8)
N

Thus, small perturbations in the input window lead to bounded
changes in the auxiliary target. The scalar target may smooth feature-
specific spikes, but this is intentional because the volatility head is not
designed as a feature-wise anomaly detector. Feature-specific informa-
tion is still available to the gate through the latent representation 4, ,
and the explicit difference term 4X, .

A client-private encoder ¢,(-;y,), parameterized by y,, maps the
raw input window to a latent representation h,, € R, as defined in
Eq. (9):

r = ¢k(Xk,¢; 779} (C))

Based on h;, and the decomposed residual view 4X, ,, the private
gating network g,(-;w;) produces the routing distribution over the
experts. As shown in Eq. (10), the output vector x,, contains the
mixture weights for the Recurrent (R) and Non-recurrent (N) experts:

Ty = [”k,t(R)a”k,l(N)] = gr(hy, AX s00) € R?, (10)

The explicit first-order difference term is included because it pro-
vides a direct channel for local change in the gate. Although the hidden
representation extracted from X, , contains temporal information, it is
optimized primarily for prediction and may smooth short-term incre-
ments. The difference term captures local temporal variation prior to
representation learning and is a common preprocessing signal to make
time-series dynamics more stationary. Therefore, X, , and 4X,, play
complementary roles: the former preserves the level and context of
traffic states, while the latter highlights short-term changes that are
important for routing.

The routing coefficients are constrained to the probability simplex
in (11), so that all elements are non-negative and sum to one:

Y mm=1.

meR,N

Vme€ R,N, m,(m)>0, and an

To inject dynamics awareness into the routing pathway, we intro-
duce a lightweight auxiliary regressor a,(-;#,) with parameters ;. It
predicts the window volatility 0, from the latent representation hy,,

as shown in Eq. (12):

Os = ar(hysm) €R, 12)

Its training objective is to reduce the discrepancy between the
predicted volatility and the locally computed target v, , from Eq. (7).
For a local mini-batch By, the auxiliary loss Ef]’;)l is defined in Eq. (13):

2 19k, = “kr”z

t€B),

r® —

vol

13)
IB |

This encourages the encoder to capture traffic fluctuations and
provides the gating network with dynamics-aware features for expert
selection.

4.3.1. Routing regularization
We apply two regularization terms to the routing distribution to
avoid trivial solutions and improve training stability.

Entropy regularization. We penalize high-entropy routing distribu-
tions to discourage uniform expert weights and promote more decisive
routing. The entropy loss o . m is computed over the batch as shown in
Eq. (14):

(k) 1
J g ———
By

Z(— D lrk’,(m)log(ﬂk',(m)+e)>, 14)
1By, me

{R.N}
where ¢ > 0 is a small constant for numerical stability.

Target utilization regularization. To reduce mode collapse, where the
gate overuses a single expert, we introduce a load-balancing term that
encourages the average routing behavior to match a predefined target
distribution p € R?, satisfying Y., (rN) P(m) = 1. We first compute the
average routing distribution 7, over the mini-batch as shown in Eq.
(15):

T = BL 2 Ty

(15)
1Bl &5,

The deviation from the target p is then penalized by the balance
loss in Eq. (16):

r® —

bal (16)

_ 2
= [|7 - pll>

The target p reflects the expected proportion of recurrent and
non-recurrent patterns in the deployment environment.
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4.4. Hybrid mixture-of-experts formulation

4.4.1. Shared experts

The framework uses two shared experts to capture complementary
temporal properties. Experts are designed with different structural
biases rather than as identical networks with different labels. The recur-
rent expert represents sequence encoders with temporal state modeling
ability, while the non-recurrent expert represents short-term temporal
encoders that emphasize local variations and short-term deviations.
Other architectures with the same roles for recurrent and local dynam-
ics can also be used within the proposed framework. The Recurrent
Expert, parameterized by 6, models sequential dependencies and pe-
riodic patterns. Its output representation z, ,(R) is defined in Eq. (17):

2y, (R) = fr(hy,;0p) € R%, a7

The Non-Recurrent Expert, parameterized by 6, captures instanta-
neous fluctuations and irregular events. Its output z, ,(N) is defined in
Eq. (18):

z,(N) = fn(h;0N) € R%, (18)

where hy, is the client-side latent representation and d, denotes the
expert feature dimension.

4.4.2. Sparse routing and prediction

The expert outputs are combined into a unified representation
through sparse routing. Let S, , denote the set of active experts selected
according to the top-k gating probabilities (e.g., k = 1 or k = 2). The
mixed representation z, , is computed as the convex combination in Eq.
(19):

Zyy = Z Ty (m)zy (m), (19)

meSy. s

This formulation preserves generality for different sparsity levels.
In this work, we primarily adopt a Top 1 strategy (|S,,| = 1) to
reduce inference overhead, so that only the dominant expert branch
is executed while its output remains scaled by the gating probability
7 ,(m). The routing layer is implemented as a deterministic sparse op-
erator. The gate first computes continuous expert probabilities through
a softmax layer, and the Top 1 operator then selects the active expert
index. Conditional on the selected route, the forward output remains
differentiable with respect to the selected expert parameters and the
selected gate probability. Therefore, during backpropagation, gradients
are propagated through the active expert branch and the corresponding
softmax probabilities, while the selected index is treated as a piecewise-
constant routing decision. The same routing rule is used in both training
and inference, thereby avoiding sampling variance and keeping the
sparse execution behavior consistent.

The mixed representation is then mapped to the final forecast by a
client-specific output head o,(-; £;), parameterized by ¢, as described
in Eq. (20):

Yio = 0z &) € RIX, (20)

For a local mini-batch B,, the prediction loss E;’;L 4 is defined in Eq.
2n:

o _ _1

pred = T3] [“ Chwber Y e Y )+ (L =a) 1Y, = Yol |, (21)

1€By

where Y, is the ground truth, and « € [0, 1] balances the Huber loss
and the #; norm.
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4.4.3. Full local objective

The local training objective combines the forecasting loss with the
auxiliary volatility supervision and routing regularization terms. The
total loss £ is defined in Eq. (22):

k) — p) (k) (k) (k)
Lr=r pred T Avol £ygy + Aent Lene + Abar Ly (22)
where A, 4., and Ay, are non-negative coefficients controlling the

contributions of volatility regression, entropy regularization, and load
balancing, respectively.

4.5. Expert-wise federated aggregation

4.5.1. Partial parameter sharing
The full parameter set of client k is denoted by 8,, as defined in Eq.
(23):

@k= {Wk7wk7’1k=§k,9R,9N}, (23)

where {y;, o, n. &, } are the client-private components, namely the en-
coder, gating network, volatility head, and output head, as introduced
in Egs. (9)-(20). The set {0,0y} contains the shared Recurrent and
Non-Recurrent expert parameters defined in Egs. (17)-(18). Accord-
ingly, FSR-FL separates @, into a private set O} and a shared set ©*".
The private parameters are defined in Eq. (24):

@inv = {w, 0, M, & 1 24)

and the shared parameters participating in federation are defined in Eq.
(25):

O = (0,05}, (25)

During each communication round, only ©%" is exchanged between
clients and the server, while the routing-related and personalization
modules remain local.

4.5.2. Expert-specific aggregation mechanism

Let r denote the current communication round, and let K" C
{1,..., K} be the set of participating clients. After local training, each
client k € K" returns updated expert parameters 0;:,1 and ej\x }c To
guide aggregation, client k computes expert utilization statistics from
the routing probabilities z, , in Eq. (10).

Expert utilization frequency. Let /3, denote the set of training sample
indices processed by client k during round r. We first assign each
sample to the expert with the highest routing probability, as defined
in Eq. (26):

iy, =arg max x, (m)
Kt a2y T,

1€ By, (26)

The utilization frequency !  for expert m € {R, N} is then computed
by Eq. (27):
. 1

u =
m.k | B;; |

Y (g, =m), @7)

IEB;
where I(-) is the indicator function. By definition, u;{ et ”;Vﬁk =1.

Utilization-weighted aggregation. The server aggregates each expert us-
ing weights that reflect both local data volume and expert utilization.
Let n; = |B;| be the number of training samples for client k. The
aggregation weight w/  is defined in Eq. (28):

w me{R,N}, ke K, (28)

ke = e oo
The server then updates each global expert independently according to
Eq. (29):

r r+1
ZkeIC' w k 0 k
orit = T — =t (29)
Lekr W,

This makes the contribution of client k to expert m proportional to how
often that expert is actually used on the client’s local data. It is worth
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noticing that wy = mau, . represents the effective number of local
windows assigned to expert m, rather than a sample-size-only weight.
Under the aligned window construction used in this formulation, all
participating clients are mapped to the same temporal grid and use
the same effective sequence length, temporal resolution, look-back
length, and forecasting horizon. Therefore, ] is fixed across clients
within a communication round and does not introduce an additional
large-sample dominance effect. The expert-wise aggregation weight is
consequently modulated by u’ o which reflects the actual utilization of
expert m on client k.

Zero-utilization safeguard. If no participating client utilizes expert m,
the total weight becomes zero, as described in Eq. (30):

D Wy =0, (30)
kexr

In this case, the server falls back to uniform averaging to avoid division
by zero, as shown in Eq. (31):

1_ 1 1
kekr

Algorithm 1 Client-Side Local Update (FSR-FL)

Require: Local dataset D,, shared experts (6. 67, ), private parameters

@i'iv, hyperparameters 4,., Aent> Abal
Ensure: Updated experts (60,0%), utilization (u
count nj
: Receive (0%,0%) and set 0 < Oy Oy < 0,
: Initialize an index set B} « # to track processed samples
: for each local epoch do
for each minibatch {(X,,, Y, )}ep, do
Update processed indices 3} « B} U B,
Compute decomposition 4X, via equation(6) and encoding
h,, via equation(9)

r r
Rk uN,k)’ sample

A A

7: Compute routing probabilities z, , via equation(10)

8: Compute expert outputs via equation(17)-(18) and mixture
z, via equation(19)

9: Compute prediction f/ky, via equation(20)

10: Compute volatility target v, , via equation(7) and prediction
Dy, via equation(12)

11: Compute losses: E;’;)ed (21), Ef/t)l (13), ngli (14, Eé’;} ae)

12: Minimize £® in equation(22) to update @zriv and local

expert copies (0g,0y)

13: end for

14: end for

15: Compute hard assignments 7, for all ¢ € B} via equation(26)

16: Compute utilization frequencies (u u;\/,k) via equation(27) and
set m < ||

r
Rk’

priv

r+l pgr+l r
o k

I
RNk YR YN g local

17: Upload message m; = (0 n;) and keep ©

4.6. Implementation and complexity analysis

The complete training procedure of FSR-FL is summarized in Algo-
rithms 1 and 2. Algorithm 1 describes the client-side update, including
local optimization, expert utilization estimation, and upload of expert-
specific statistics. Algorithm 2 presents the server-side expert-wise
aggregation, where the shared experts are synchronized independently
based on utilization-weighted contributions. Together, they implement
the partial-sharing mechanism described in previous sections.

Complexity analysis. Let P,y, denote the parameter count of the shared
experts O, and let P;,; denote the total parameter count of the full
model. Since only the shared experts are exchanged, the communica-
tion volume in round r over the participating clients K" scales as in Eq.
(32):

Clo = O(IK"| Poy,).  where P, < Pry. (32)
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Algorithm 2 Server-Side Expert-Wise Aggregation (FSR-FL)

Require: Client uploads {m] } ;- from participating clients
Ensure: Aggregated experts (0", 04F")

1: for each expert m € {R, N }Rdo

2: Compute expert-specific weights {w’ ,} via equation(28)

3 if Yyepr w, >0 then

4: Aggregate expert m via equation(29)

5: else

6: Safeguard: Aggregate expert m uniformly via equation(31)
7: end if

8: end for

9: Broadcast updated experts (05", 07") to all clients

For computation, let E denote the number of local epochs, B the
mini-batch size, and » the number of processed samples. If ¢, is the
average per-sample cost of a full forward and backward pass through
the modules in Egs. (6)—(20), then the local processing time of client &
is given by Eq. (33):

T, = En c,). (33)

The additional cost of computing utilization statistics via Egs. (26)—(27)
is O(n}), which is negligible compared with gradient-based training.
On the server side, Algorithm 2 performs weighted averaging with
complexity O(|K"| P.y,) per round, keeping aggregation lightweight.
The server also receives lightweight metadata from each participat-
ing client, including the local sample count and expert utilization
statistics. This metadata contains only M scalar values per client; in
our implementation, M = 2, which corresponds to about 8 bytes
with 32-bit floats or 16 bytes with 64-bit floats, excluding framework-
level transport headers. In contrast, the shared expert payload contains
P, parameters and requires about 4P, bytes under 32-bit storage.
Thus, the metadata scales as O(|K"| M), whereas the dominant model
payload scales as O(|K"| Pu). Since P, > M, the metadata remains a
lower-order term and does not change the complexity.

5. Experiments and evaluation

This section evaluates the proposed framework in simulated edge
computing environments for distributed intelligent transportation ana-
lytics. Following the expanded experimental design, we organize the
evaluation into dataset protocol, baselines and implementation set-
tings, evaluation metrics, main forecasting performance, distribution
and temporal variation analysis, expert activation behavior, ablation
studies, routing efficiency, and sensitivity analysis.

5.1. Datasets and experimental protocol

We evaluate the proposed framework on two benchmark traffic
datasets collected from highway loop detectors. The first is METR-LA
[45], which contains traffic speed readings in miles per hour (mph)
from 207 sensors in Los Angeles County, sampled every 5 min from
March 1 to June 30, 2012. The second is the Integrated Urban Traffic-
Flood (IUTF) dataset [46], which provides traffic flow measurements
in vehicles per hour (vph) at 5-minute resolution together with hourly
precipitation data. In this study, we use the Luzern subset (158 sensors),
combining local traffic series with city-level average precipitation as an
exogenous input. To the best of our knowledge, this is the first use of
IUTF in a federated traffic forecasting setting.

To avoid information leakage, all time series are split chronologi-
cally, with the first 70% used for training and the remaining 30% for
testing. For the IUTF subset, we extract a continuous period with the
same duration as METR-LA and apply the same input construction and
sampling protocol. Missing values are handled by forward fill, linear
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interpolation, and backward fill. After imputation, Z-score normaliza-
tion is applied using statistics computed only from the training split. For
Luzern, precipitation is treated as an exogenous feature and normalized
using the same training-only statistics.

To study the effect of data presentation, we consider two train-
ing protocols. The offline protocol uses standard batch learning with
random shuffling, while the online protocol preserves temporal order
by feeding data sequentially without shuffling. The latter simulates
an edge device learning from a live traffic stream and allows us to
examine prediction and synchronization behavior under more realistic
edge-oriented conditions relevant to smart mobility applications.

5.2. Baselines and implementation settings

We compare the proposed method with the following baselines:

TCN. A Temporal Convolutional Network trained locally to represent
short-term forecasting without collaboration [27].

GRU. A Gated Recurrent Unit model trained locally as a recurrent
baseline for sequential dependency modeling [26].

FedAvg. The standard federated averaging method that aggregates full-
model updates as a generic federated baseline [9]. In this study, FedAvg
is implemented on the same federated MoE backbone as the proposed
method. This setting controls for the effect of the MoE backbone and
isolates the role of the proposed aggregation rule.

FedGRU. A federated GRU model in which the server aggregates
client-side recurrent parameters into a global predictor [36].

FedTCN. A federated TCN model that aggregates local convolutional
updates for distributed traffic prediction [37].

SFNN. A simple feedforward neural network trained locally as a
lightweight forecasting baseline [35].

GLinear. A compact linear forecasting model with minor non-linear
enhancement [34].

MokE-FedProx. MoE-FedProx applies FedProx to the same federated
MoE backbone used by our method [47]. The proximal regularization
is applied to the shared MoE layer to reduce local drift under client
heterogeneity, while the gate network, feature extractor, and output
head remain client specific.

FedMix-style MoE. FedMix trains a set of specialized models and lets
each client select a client specific mixture to handle heterogeneous
data distributions [41]. For a controlled comparison in our forecasting
setting, we implement a lightweight FedMix-style MoE where each
client mixes a server aggregated global expert with a private local
expert through a local gate.

MoE-pFedMe. MoE-pFedMe adapts pFedMe to the same shared MoE
and local module decomposition [48]. Each client maintains a personal-
ized MoE model regularized toward the global shared MoE parameters,
providing a personalized federated learning baseline for comparison.

Centralized-MoE. Centralized-MoE is used as a non federated settings
to quantify the cost of federation. It trains with centralized access to
all Luzern training data, shares the MoE layer across clients, and keeps
the gate network, feature extractor, and output head specific.

All experiments were conducted on a local machine with an i9-
13900HX CPU, 32 GB RAM, and an 8 GB RTX 4060 GPU using the
Flower framework. The proposed backbone is a sparse Mixture-of-
Experts designed for resource-constrained clients. The Recurrent Expert
is implemented with a single-layer GRU, and the Non-Recurrent Expert
is implemented with a TCN block with dilated convolutions. Both
experts use a hidden size of 64, resulting in 29,120 shared parameters
for the GRU expert and 41,152 for the TCN expert, for a total of 70,272
shared parameters.
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For routing, we adopt a Top-1 strategy, so that each sample is
processed only by the expert with the highest gating probability. The
final representation is formed by the selected expert output weighted
by its routing probability. Training is conducted for 20 communication
rounds with 4 local epochs per round and a batch size of 20, using
a fixed random seed of 42. The look-back window length is set to
12. Local optimization uses AdamW with weight decay 104, and the
learning rate decays from 0.01 to 0.005 between rounds 10 and 20.

5.3. Evaluation metrics and statistical testing

Prediction performance is evaluated using Root Mean Square Er-
ror (RMSE) and Mean Absolute Error (MAE) at two forecasting hori-
zons: 15 min for short-term prediction and 30 min for medium-term
prediction.

In addition to the main prediction metrics, we use task-specific di-
agnostic and statistical analyses where needed. The temporal variation
ratio is introduced in the distribution analysis to examine whether
the predicted series amplifies short-term fluctuations. The Diebold-
Mariano test [49] is reported together with the regression-head ablation
to assess whether the paired forecasting-error differences are statisti-
cally meaningful. Runtime per batch is used in the routing efficiency
analysis to compare sparse Top-1 routing with dense Top-2 routing
under the same execution setting.

5.4. Main forecasting performance

Table 2 presents the prediction performance of the proposed frame-
work compared to various baselines. The darker background colors
in the table highlight the top-performing results, indicating that the
Offline FSR-FL approach consistently achieves the lowest RMSE and
MAE across both datasets. While the Online version experiences a slight
performance decrease due to strict sequential processing, it remains
competitive against standard federated baselines.

When analyzing methods trained only on local data, including TCN,
GRU, GLinear, and SFNN, we observe that they generally exhibit higher
error rates than federated approaches. Although specific lightweight
models such as GLinear or SFNN may show decent performance on
certain metrics, they rely on isolated data silos. This isolation prevents
them from benefiting from the diverse traffic patterns found in other
regions, which restricts their generalization capability. For instance,
the local TCN model results in a high RMSE of 32.1069 on the Luzern
dataset for the 30-minute horizon, confirming that local data alone is
often insufficient for robust modeling and highlighting the necessity of
collaborative learning strategies.

In the federated setting, FSR-FL outperforms standard architectures
(FedGRU, FedTCN) and the FedAvg baseline, which uses the same
MoE backbone but with uniform aggregation. The results show that
FSR-FL outperforms all these federated variants. Specifically, compared
to FedAvg, which has an RMSE of 3.3018 on the METR-LA dataset,
our method reduces the error to 3.1151, representing an improvement
of approximately 5.6%. Similarly, on the Luzern dataset, we lower
the RMSE from 30.7685 to 28.7168, achieving a gain of about 6.7%.
These improvements confirm that our aggregation mechanism, which
weights updates based on expert utilization, is more effective than
simple parameter averaging.

The comparison with MoE-FedProx, MoE-pFedMe, and FedMix-style
MoE further indicates that the performance gain is not only due to
the MoE backbone. These methods introduce proximal regularization,
personalization, or client-specific expert mixing, but they do not con-
sistently match the proposed method. This suggests that explicitly
aligning aggregation with expert utilization is better suited to hetero-
geneous traffic forecasting than directly applying existing federated or
personalized learning mechanisms within the proposed structure.

Centralized-MoE provides a non federated reference for examining
the accuracy cost of federation. On METR-LA, Offline FSR-FL achieves
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Table 2
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Average prediction performance comparison on METR-LA and Luzern datasets. Darker background colors
indicate better performance (lower error), highlighting the top three results in each column.

Dataset: METR-LA

Dataset: Luzern

Method

15 min (H = 3) 30 min (H = 6) 15 min (H = 3) 30 min (H = 6)

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
TCN (Local-Only) 4.4504 3.5837 5.1952 4.3002 32.6995 28.2142 32.1069 26.8492
GRU (Local-Only) 5.2183 4.3389 5.1806 4.2741 39.6392 34.3193 32.0130 26.9358
GLinear (Local-Only) 4.0237 2.0401 4.8514 2.3164 38.9592 16.5555 42.2225 17.8594
SENN (Local-Only) 3.8422 2.0191 4.6189 2.3565 38.4212 18.5960 40.7747 19.3670
FedGRU 3.9166 2.0815 4.5978 2.3821 39.8026 19.2660 34.2160 16.5453
FedTCN 3.9538 2.1141 4.6538 2.4824 40.2921 18.7822 43.8511 21.8498
FedAvg 2.7856 1.9485 3.3018 2.2016 30.9441 26.7818 30.7685 26.3711
MoE-FedProx 3.4699 2.4148 4.0193 2.8111 34.8348 30.0430 47.1480 42.1716
MoE-pFedMe 4.4733 3.3021 3.7885 2.6514 35.7283 30.7771 35.3382 29.6401
FedMix-style MoE 3.8551 1.9476 4.6018 2.2228 40.0729 35.6236 38.9020 34.1790
Centralized-MoE 2.9908 1.9781 3.3931 2.2240 27.6411 23.3648 28.8885 24.1686
Online (FSR-FL) 2.8215 2.0049 3.3355 2.2661 39.3606 35.2919 37.2503 32.6777
Offline (FSR-FL) 2.7453 1.9051 3.1151 2.1983 29.1607 25.0436 | 28.7168 24.3478
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Fig. 3. Ground truth and predicted traffic speed distributions are compared
on the METR-LA dataset under offline settings.
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Fig. 4. Ground truth and predicted traffic flow distributions are compared on
the Luzern dataset under offline settings.

lower RMSE than Centralized-MoE at both horizons, decreasing the
error from 2.9908 to 2.7453 at H = 3 and from 3.3931 to 3.1151 at
H = 6. On Luzern, Centralized-MoE is better at H = 3, with RMSE
27.6411 compared with 29.1607 for Offline FSR-FL. However, the two
methods are close at H = 6, with Offline FSR-FL achieving an RMSE
of 28.7168 compared with 28.8885 for Centralized-MoE. These results
show that the accuracy cost of federation is limited and dataset depen-
dent, while FSR-FL remains competitive without centralized access to
all client data.

5.5. Prediction distribution and temporal variation analysis

The distribution plots in Figs. 3 and 4 provide deeper insight into
these results. For the METR-LA dataset (Traffic Speed), the prediction

task becomes harder as the time horizon increases. Consequently, the
error at 15 min (2.74 RMSE) is lower than at 30 min (3.11 RMSE).
In contrast, the Luzern dataset (Traffic Flow) exhibits an anomaly: the
30 min prediction (28.71 RMSE) is more accurate than the 15 min
prediction (29.16 RMSE). We attribute this to the nature of traffic flow
data. Short intervals, such as 15 min, often exhibit high stochastic
noise and fluctuations. A longer 30-min window smooths out this noise,
allowing the model to capture underlying traffic volume trends more
effectively. As shown in Fig. 4, our model successfully fits the bimodal
distribution of the ground truth even with these complex flow dynam-
ics. Beyond prediction accuracy, the results indicate that structured
expert-level synchronization is more effective than uniform full-model
aggregation when clients exhibit heterogeneous traffic regimes.

To further analyze whether the Luzern 15 min prediction learns
spurious high frequency patterns, we add a temporal variation consis-
tency check after the distribution comparison. In this context, spurious
high frequency learning means that the model introduces artificial short
term fluctuations that are stronger than those observed in the ground
truth. We therefore compute a prediction-to-ground-truth temporal
variation ratio as follows:

S(H) _ ~(H)
o Std(yt -9 )

h H 0\’ G4
Std(yf )_yi—l))
Here, ng) and ﬁEH) denote the ground truth and prediction at

horizon H, respectively. A value of R(AH ) larger than one would indicate
that the prediction amplifies short term variations relative to the target
sequence. On the Luzern offline setting, we obtain R(j) = 0.2527 for the
15 min horizon and R(Aﬁ) = 0.2727 for the 30 min horizon. Since both
values are well below one, the predictions do not show excessive short
term oscillations. This indicates that the slightly lower 30 min RMSE
reflects the horizon dependent predictability of the Luzern flow series
rather than spurious high frequency learning at the 15 min horizon.

5.6. Expert activation and routing behavior

To analyze the behavior of the proposed framework, we visualize
prediction patterns and expert activations for representative clients.
Each visualization follows a consistent format: the upper panel displays
the ground-truth traffic alongside predictions from both the recurrent
and non-recurrent experts, while the lower panel shows the correspond-
ing gating probabilities over time. This layout allows us to observe
how the model decomposes temporal structures into stable or transient
components and whether the routing logic aligns with actual traffic
regimes.
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Fig. 5. Comparison of offline forecasting performance and expert gating probabilities for four representative clients in the METR-LA dataset.
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Fig. 6. Comparison of online forecasting performance and expert gating probabilities for four representative clients in the METR-LA dataset.
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Fig. 7. Comparison of offline forecasting performance and expert gating probabilities for four representative clients in the Luzern dataset.

Figs. 5 and 6 report the offline and online analyses on four rep-
resentative clients on METR-LA dataset. As shown in Figs. 5(a)-5(d)
and Figs. 6(a)-6(d), the gating mechanism provides a clear interpre-
tation of expert usage by adapting the routing weights to local traffic
regimes. During smooth and stable segments, the gate tends to assign
more weight to the Recurrent Expert, which captures regular temporal
evolution, for example Client 2 stays around 0.6 in the recurrent prob-
ability between steps 350 and 550. When irregular patterns appear,
such as abrupt speed drops or congestion, the gate shifts to the Non-
Recurrent Expert, with the non-recurrent probability rising to near
1.0 for Client 0 around steps 120-150 and 400-440, and for Client
2 near step 300, consistent with the ground-truth declines. For Client
1, the near-balanced routing probabilities reflect a mixed temporal
state. The corresponding sequence exhibits frequent local variations,
in which recurrent evolution and short-term deviations jointly affect
the prediction. The gate therefore assigns comparable probabilities
to the two experts because both temporal roles are relevant for this
client. Overall, the offline and online views show consistent switching
behavior, supporting that the routing is driven by temporal pattern
changes rather than arbitrary selection.

Figs. 7 and 8 show the forecasting performance for the Luzern
dataset. Unlike the traffic speed data in METR-LA, the traffic flow
in Luzern typically follows a standard daily cycle. Consequently, the
Recurrent Expert dominates during stable high-flow periods to capture
predictable patterns, as evidenced by the sustained high recurrent prob-
ability for Client 1 during peaks. In contrast, the model switches to the
Non-Recurrent Expert when the flow deviates from normal periodicity,
such as during sudden volume drops. For example, when Client 0O
experiences a sharp decline in flow between steps 150 and 250, the
gate quickly shifts preference to the non-recurrent expert to handle this
irregularity. This behavior confirms that the routing strategy effectively
distinguishes between routine cycles and unexpected fluctuations in
both offline and online settings.

A further comparison between the offline and online visualizations
reveals the impact of data presentation on the gating mechanism.
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The offline model produces sharper probability transitions that align
precisely with traffic events, as random shuffling provides a global
view of the data distribution. In contrast, the online model processes
data sequentially, making it more sensitive to recent observations.
This results in a slight adaptation lag, where the gate requires a few
extra time steps to switch experts during sudden changes. Despite
this delay, the online model successfully identifies major patterns and
remains consistent with the offline baseline, confirming its robustness
for real-time deployment.

5.7. Ablation study

5.7.1. Effect of the regression head

Table 3 analyzes the impact of the Regression Head (RH). The
effectiveness of this module depends heavily on the data distribution
shown in previous Figs. 3 and 4. For the METR-LA dataset, which
has a bounded speed distribution, the RH module offers only marginal
gains in the offline setting, reducing RMSE from 2.7606 to 2.7453.
However, it causes a slight performance drop during online adaptation,
suggesting that forcing volatility prediction on stationary data with
limited samples may introduce noise. In contrast, the RH module is
crucial for the Luzern dataset, which features a long-tailed and highly
skewed flow distribution. In this case, the module serves as a volatility
detector, helping the gate anticipate shifts. Removing the RH in the
online setting leads to a significant increase in error, where the 30-
minute RMSE rises from 37.2503 to 42.2811. This confirms that explicit
physical constraints are essential for adapting to non-stationary and
high-variance data.

5.7.2. Significance test for the regression head ablation

Table 3 shows that the effect of the regression head (RH) varies
across datasets, training protocols, and forecasting horizons. To assess
whether the observed differences are statistically meaningful, we apply
the Diebold-Mariano (DM) test to the paired test-window errors of the
proposed model and the w/o RH variant. Both models are evaluated on
the same chronological test windows.
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Fig. 8. Comparison of online forecasting performance and expert gating probabilities for four representative clients in the Luzern dataset.

Table 3
Ablation experiment of the Regression Head (RH) module in the proposed FSR-
FL framework.

Dataset Settings Structure 15 min (H = 3) 30 min (H = 6)
RMSE MAE RMSE MAE
Offline w/o RH 2.7606 1.9178 3.1771 2.2220
METRLA Proposed  2.7453 1.9051 3.1151 2.1983
Online w/o RH 2.7852 1.9693 3.3175 2.2358
Proposed 2.8215 2.0049 3.3355 2.2661
Offline w/0 RH 26.9475 22.6779 31.3995 26.9015
Proposed 29.1607 25.0436 28.7168 24.3478
Luzern
Online w/0 RH 42.0324 37.8156 42.2811 37.8167
Proposed 39.3606 35.2919 37.2503 32.6777
For each test window ¢, the error difference is defined as
=R _ P g Eld]1=0, H, :E[d]#0. (35)

A positive DM statistic indicates lower error for the proposed model,
while a negative statistic indicates lower error for w/o RH. At the
5% significance level, H,, is rejected when the p-value is below 0.05.
Otherwise, the difference is not treated as statistically significant.

We report the DM statistics for MAE and MSE. MSE is used for the
RMSE-related comparison because RMSE is obtained after averaging
squared errors and applying a square-root transformation, so it does
not directly provide a paired test-window error sequence. The DM test
uses heteroskedasticity- and autocorrelation-consistent (HAC) variance
estimation to account for serial dependence in forecasting errors. For
multi-step prediction, the HAC lag is set to H — 1, which is 2 for H =3
and 5 for H = 6 (see Table 4).

The METR-LA results show that RH significantly reduces MAE in the
offline setting at both horizons. For MSE, the reduction is significant at
H = 6, while the H = 3 result is not significant at the 0.05 level. In the
online setting, w/o RH obtains significantly lower MAE at both horizons
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and significantly lower MSE at H = 3, while the MSE difference at
H = 6 is not significant.

For Luzern, RH shows a stronger positive effect in most settings. In
the offline setting, w/o RH is significantly better at H = 3, but RH
becomes significantly better at H = 6 for both MAE and MSE. In the
online setting, RH significantly reduces both MAE and MSE at H = 3
and H = 6. These results confirm that the RH ablation differences are
statistically meaningful, but the direction of the effect depends on the
dataset, training protocol, and forecasting horizon.

5.7.3. Effect of the expert structure

Table 5 confirms the need for the MoE architecture by comparing
it with single-expert baselines. Results show that single-expert models
perform poorly across diverse traffic patterns. Specifically, the Recur-
rent model cannot adapt to rapid changes in the Luzern online scenario,
leading to a high 15-minute RMSE of 78.6672. Conversely, the Non-
Recurrent model lacks the memory needed for stable predictions. In
contrast, the FSR-FL framework consistently outperforms these base-
lines in all settings. For the METR-LA offline task (15 min), FSR-FL
achieves an RMSE of 2.7453, which is significantly better than the
Recurrent (4.0686) and Non-Recurrent (3.0251) models. This proves
that the gating mechanism effectively balances the temporal memory
of the recurrent expert with the pattern recognition of the non-recurrent
expert.

5.7.4. Gate input ablation on the explicit difference term

To clarify the role of the explicit difference term in Eq. (9), we
further conduct a gate input ablation under both H =3 and H = 6. The
original gate input includes the explicit first-order difference channel
AX, while the ablated variant removes this channel. For Luzern, the
exogenous rainfall variable is retained in both variants. The expert
inputs, expert architectures, aggregation strategy, and training protocol
are kept unchanged.

Table 6 reports the ablation results of the explicit difference term
in the gate input. On METR-LA, removing AX increases the error in
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Table 4
Diebold-Mariano test for the regression head ablation.
Dataset Setting Horizon MAE MSE
DM statistics p-value DM statistics p-value
Offline H=3 2.476 0.0133 1.868 0.0618
Offline H=6 2.203 0.0276 3.655 2.57x 107
METR-LA Online H=3 -6.999 2.61x 10712 -5.072 3.95%x 1077
Online H=6 -3.611 3.06x 1074 -0.101 0.9193
Offline H=3 —29.394 5.18 x 107'88 —2.766 0.0057
Luzern Offline H=6 29.949 5.02x 10719 13.886 9.58 x 10~#
Online H=3 22.683 3.17x 107113 23.761 5.51x 1071
Online H=6 18.853 5.87x 1077 8.783 1.65x 10718
Table 7
Table 5 Top-2 routing analysis under sequential CPU execution.
Ablation experiment of different expert types in the proposed FSR-FL frame- Dataset H Routing Runtime (ms/batch) RMSE MAE
work. 3 Top-1 0.8724 3.8874 1.9051
Dataset Settings  Expert 15 min (H = 3) 30 min (H = 6) METR-LA Top-2 1.3123 3.8618 1.9274
RMSE MAE RMSE MAE 6 Top-1 0.9155 4.6310 2.2165
Recurrent 4.0686  3.0244 37159 27030 Top-2 1.3209 4.6364 22433
Offline Non-Recurrent 3.0251 2.1605 3.4299 2.4891 3 Top-1 0.8870 27.4578 25.0432
METR.LA Proposed (MoE) 27453  1.9051  3.1151  2.1983 Luzern Top-2 1.2575 26.9661 24.6034
Recurrent 29664 21054  3.3835  2.4812 6 Top-1 0.7739 26.8753 23.6279
Online Non-Recurrent 3.0378 2.1883 3.4621 2.4864 Top-2 1.2828 26.6358 23.3840
Proposed (MoE) 2.8215 2.0049 3.3355 2.2661
Recurrent 41.3290 36.3930 48.5641 44.1535
Offline  Non-Recurrent 44.4565 39.1822 51.1606 46.0540 . . .
Lugern Proposed (MoE) 29.1607 25.0436 28.7168 24.3478 5.8. Routing efficiency analysis
Recurrent 78.6672 74.4238 45.9837 41.3816
Online  Non-Recurrent ~ 44.5994  40.1537 50.9773  46.0510 To further examine the routing choice, we compare the default
Proposed (MoF) 39.3606 352919 37.2503 326777 Top-1 routing with a Top-2 routing variant under a sequential CPU
execution setting. The benchmark is conducted on a CPU with a batch
Table 6 size equal to 1, which reduces the influence of CUDA parallelism and

Ablation experiment of the explicit difference term in the gate input of the
proposed FSR-FL framework.

Dataset Setting Gate input 15 min (H = 3) 30 min (H = 6)
RMSE MAE RMSE MAE
Offline w/ AX 2.7453 1.9051 3.1334 2.2164
METR-LA w/o AX 2.7729 1.9501 3.1882 2.2786
Online w/ AX 2.8215 2.0049 3.2994 2.3793
w/o AX 2.9949 2.1825 3.2728 2.3637
Offline w/ AX 29.1607 25.0436 28.0493 23.6231
w/o AX 30.7290 26.5809 28.4610 23.9283
Luzern
Online w/ AX 39.3606 35.2919 37.2503 32.6777
w/o AX 32.3296 28.0993 49.9390 45.5596

the offline setting for both horizons. In the online setting, the variant
without AX performs worse at H = 3, but gives slightly lower error
at H = 6. We therefore further examine the online H = 6 case using
the Diebold-Mariano test on paired test window errors. The MAE-based
loss gives a DM statistic of 2.9499 with p = 0.0032, while the squared
error loss used as the RMSE basis gives a DM statistic of 1.8675 with
p = 0.0618 over 41,108 paired windows. This indicates a significant
difference for MAE and a marginal difference for the RMSE-based
criterion.

On Luzern, the explicit difference term is generally useful, especially
at H = 6. Removing AX increases the online RMSE from 37.2503 to
49.9390 and the online MAE from 32.6777 to 45.5596. These results
suggest that AX should be interpreted as a local dynamics cue for
the gate, rather than as a separate information source beyond X or a
fixed expert selection rule. Its contribution becomes clearer when the
sequence contains stronger local variation or changes associated with
exogenous information.
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batch-level throughput effects. The reported runtime therefore reflects
the per-batch execution cost under the same saved local models, while
RMSE and MAE are reported on the original data scale. Since the model
contains two experts, Top-2 routing acts as a dense two-expert reference
rather than another sparse routing configuration (see Table 7).

The results show that Top-2 routing has dataset-dependent effects.
On METR-LA, Top-2 does not consistently improve MAE, indicating
that the dominant expert selected by Top-1 is already sufficient for
this dataset. On Luzern, Top-2 improves the RMSE and MAE, especially
at H = 3, suggesting that the recurrent and non-recurrent experts
can provide complementary information when the traffic sequence
is affected by stronger mixed dynamics and exogenous information.
Therefore, Top-2 is useful as a dense routing reference, while Top-1
remains the default routing choice because it preserves sparse regime
selection and a clearer expert assignment for interpretation.

5.9. Sensitivity analysis

All sensitivity experiments are conducted under the offline setting
and reported as mean + standard deviation over three random seeds,
i.e., 42, 2025, and 1723. We adopt a one factor at a time design: unless
otherwise specified, the default configuration uses a look back window
length of 12, standard normalization, and 4,, = 0.42. The results are
summarized in Table 8.

For the normalization sensitivity analysis, all scaling statistics are
estimated from the training split only and then applied to the vali-
dation and test splits to avoid information leakage. We compare four
normalization strategies.

Standard normalization centers the input using the training-set
mean and rescales it by the training-set standard deviation:

) _ X~ Hy
X =

. (36)
oy te€
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Table 8
Sensitivity analysis on the METR-LA and Luzern offline settings across different seeds.
Sensitivity factor Value Controlled setting METR-LA Luzern
RMSE MAE RMSE MAE
6 Standard, A, = 0.42 3.171 + 0.012 2.242 + 0.026 30.535 + 1.535 25.986 + 1.575
I length 12 Standard, 4, =0.42 3.140 + 0.015 2.212 + 0.008 27.827 + 3.691 23.390 + 3.734
€ 18 Standard, 4, =0.42 3.138 + 0.008 2.242 + 0.016 27.884 + 3.666 23.443 + 3.738
24 Standard, A, = 0.42 3.124 + 0.019 2.212 + 0.017 28.017 + 1.195 23.757 + 1.202
Standard L=12, 4, =042 3.140 + 0.015 2.212 + 0.008 27.827 + 3.691 23.390 + 3.734
Normalization Robust L=12, A, =042 3.127 + 0.035 2.188 + 0.033 29.306 + 0.860 24.842 + 0.901
Min-max L=12, 4, =042 3.236 + 0.079 2.362 + 0.099 29.580 + 2.845 25.160 + 2.892
Log L=12, Ay =042 3.159 + 0.016 2.218 + 0.012 20532 + 2138 25.064 + 2.198
0.21 L =12, Standard 3.159 + 0.014 2.223 + 0.018 27.171 + 1.334 22.692 + 1.328
Volatility weight 0.42 L = 12, Standard 3.140 + 0.015 2.212 + 0.008 27.827 + 3.691 23.390 + 3.734
Y § 0.64 L = 12, Standard 3.141 + 0.013 2.229 + 0.004 28.224 + 4.878 23.757 + 4.939
0.84 L = 12, Standard 3.150 + 0.027 2.242 + 0.032 29.893 + 3.653 25.423 + 3.732

Robust normalization uses the training-set median and interquartile
range, which reduces the influence of extreme observations:
’ X T my
¥ =

[ | S— 37)
9075, — 90.250r T €

Min-max normalization maps the input according to the minimum
and maximum values estimated from the training split:

’ X = Xmin,tr

X = .
X ~ Xmin,tr +e

(38)

max,tr
Log normalization first applies a logarithmic transform to the orig-

inal non-negative measurements to compress large values, followed by

standardization:

r_ IOg(l + X) - Mlog,tr

0_10g,1r +e€

X (39)

Here, u,, and o, denote the training-set mean and standard devia-
tion, m,, denotes the training-set median, g5, and g5, denote the
third and first quartiles, and e is a small constant for numerical stability.

For the look back window length, the proposed method remains
stable on METR-LA, where RMSE changes only from 3.124 to 3.171
and MAE remains within 2.212 to 2.242. This indicates that the model
is not tied to a specific temporal window on METR-LA. On Luzern,
shorter history is less effective, as using a look back window of 6
gives the largest RMSE and MAE, 30.535 and 25.986, respectively.
In contrast, the settings with window lengths of 12, 18, and 24 give
closer results, with RMSE around 27.827 to 28.017 and MAE around
23.390 to 23.757. This suggests that Luzern benefits from a moderate
temporal context, while further increasing the window length brings
limited additional gain. Overall, L = 12 is considered as common and
balanced setting across different datasets for short-term prediction

For input normalization, robust normalization gives the lowest av-
erage error on METR-LA, with RMSE 3.127 and MAE 2.188, but the
improvement over standard normalization is small. In contrast, stan-
dard normalization performs best on Luzern, reducing RMSE and MAE
to 27.827 and 23.390, whereas robust, minmax, and log normalization
yield higher errors. Therefore, standard normalization provides the
most consistent choice across the two datasets. This also supports its use
as the default setting, since it avoids dataset specific tuning and gives
competitive results under both traffic and mobility demand patterns.

For the volatility weight, METR-LA is only mildly affected by
changes in A, with RMSE staying between 3.140 and 3.159 and MAE
between 2.212 and 2.242. Luzern shows stronger sensitivity: increasing
Ayl from 0.21 to 0.84 raises RMSE from 27.171 to 29.893 and MAE
from 22.692 to 25.423. This implies that a large volatility loss weight
may overemphasize short term fluctuation patterns on Luzern. Overall,
Ayl = 0.42 is retained as the default because it provides a balanced
setting across datasets rather than optimizing for a single dataset only.
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6. Discussion

The above results indicate that the proposed FSR-FL framework
effectively addresses the challenges of learning from distributed and
heterogeneous traffic data. A key finding is the interpretability of
its routing mechanism, which reliably assigns experts based on the
prevailing traffic regime, as evidenced by both datasets. The frame-
work also demonstrates scalability and flexibility. Its modular struc-
ture allows not only for the replacement of individual experts with
alternative architectures, such as attention-based or state-space mod-
els, but also supports adaptation to other spatiotemporal forecasting
domains beyond traffic. Furthermore, the partial parameter sharing
protocol is inherently compatible with various federated optimization
algorithms and additional privacy-preserving techniques, enabling in-
tegration into diverse edge computing systems and edge-side intelligent
transportation infrastructures without fundamental redesign.

From a privacy perspective, FSR-FL follows the standard FL setting
in which raw traffic measurements and exogenous observations remain
on local clients. Its partial-sharing design further restricts synchro-
nization to shared expert parameters rather than the full local model,
reducing the exposure of client-specific model information. Neverthe-
less, expert-wise aggregation still requires summary-level utilization
metadata, which may reveal coarse changes in local traffic regimes if
tracked over many communication rounds. Therefore, FSR-FL improves
data locality and reduces full-model exposure through its system de-
sign, but it should not be interpreted as providing a formal differential
privacy guarantee. Additional mechanisms such as quantization, clip-
ping, secure aggregation, or differential privacy could further reduce
metadata-related risks. However, these mechanisms would introduce
extra design choices and may affect communication cost, computation
cost, or prediction accuracy. A detailed evaluation of these privacy
mechanisms is beyond the scope of this work, and may be considered
in future extensions of FSR-FL to further improve privacy protection.

7. Conclusion

This paper presented FSR-FL, a federated sparse-routing framework
for distributed traffic prediction under heterogeneous regional dynam-
ics. By combining role-biased experts with expert-wise aggregation,
FSR-FL avoids the limitations of full-model aggregation and enables
more structured collaboration across clients. Extensive experiments on
selected two datasets, including baseline comparison, ablation, routing
efficiency, and sensitivity analyses, show that the proposed design im-
proves prediction accuracy while maintaining data locality. In particu-
lar, FSR-FL reduces RMSE by up to 5.6% for METR-LA speed prediction
and 6.7% Luzern flow prediction over standard federated baselines.
Overall, FSR-FL provides a modular collaborative learning scheme for
edge-side intelligent transportation systems. Future work will extend
FSR-FL to asynchronous settings for delayed client participation, and
integrating graph neural networks for enhanced spatial-temporal mod-
eling. Additionally, we plan to incorporate horizon-specific losses and
adaptive filtering strategies to further improve model performance.
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