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Abstract

Microscopic road-network weights represent fine-
grained, time-varying traffic conditions obtained
from individual vehicles. An example is travel
speeds associated with road segments as vehicles
traverse them. These weights support tasks includ-
ing traffic microsimulation and vehicle routing with
reliability guarantees. We study the problem of
time-varying microscopic weight completion. Dur-
ing a time slot, the available weights typically cover
only some road segments. Weight completion re-
covers distributions for the weights of every road
segment at the current time slot. This problem
involves two challenges: (i) contending with two
layers of sparsity, where weights are missing at
both the network layer (many road segments lack
weights) and the segment layer (a segment may
have insufficient weights to enable accurate dis-
tribution estimation); and (ii) achieving a weight
distribution representation that is closed-form and
can capture complex conditions flexibly, including
heavy tails and multiple clusters.

To address these challenges, we propose DiISGMM
that combines sparsity-aware embeddings with spa-
tiotemporal modeling to leverage sparse known
weights alongside learned segment properties and
long-range correlations for distribution estimation.
DiSGMM represents distributions of microscopic
weights as learnable Gaussian mixture models, pro-
viding closed-form distributions capable of captur-
ing complex conditions flexibly. Experiments on
two real-world datasets show that DiSGMM can
outperform state-of-the-art methods.

1 Introduction

Road networks are essential to modern transportation [Gao et
al., 2015; Fang et al., 2022]. A road network is usually rep-
resented as a directed graph G = (V, £), where nodes v; € V
model road intersections or endpoints and edges e; € &£
model road segments. The edges are associated with weights
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Figure 1: Motivation illustration.

that describe traffic conditions on the road network, which we
term road network weights. Two types of such weights exist:
macroscopic weights and microscopic weights, as exemplified
in Figure 1a. Macroscopic weights describe aggregated traffic
conditions, including numbers of vehicles on a road segment
or the average speed of vehicles. Microscopic weights cap-
ture the vehicle-level traffic conditions, including individual
vehicle’s speed when traveling along a road segment or its
travel time when traversing a road segment.

Macroscopic weights capture general traffic conditions on
a road network and support tasks such as traffic flow [Guo et
al., 2019] and congestion [Akhtar and Moridpour, 2021] pre-
diction. While existing studies [Tedjopurnomo et al., 2020;
Jiang and Luo, 2022; Jin et al., 2023] consider macroscopic
weights, we target microscopic weights that capture fine-
grained, vehicle-level traffic conditions and support tasks
such as traffic microsimulation [Hollander and Liu, 2008],
driving behavior analysis [Abou Elassad er al., 2020], and
routing with reliability guarantees [Hu et al., 2019]. More
specifically, we focus on the problem of time-varying mi-
croscopic weight completion. The input is a road network
and sparse microscopic weights observed within the current
and historical time slots, where many segments lack weights
within a time slot and segments with weights may have only
few of them. The goal is to recover the accurate representa-
tion of weights for every road segment within the current time
slot. This problem presents two unique challenges.
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Figure 2: Two cases of representing microscopic weights with 8-bin
histograms versus 4-component Gaussian mixture models (GMM).

Solutions must contend with two layers of data spar-
sity.  First, we have network-layer sparsity, as shown in Fig-
ure 1b®. In any time slot, the available vehicle movement
data can be limited and thus may cover only a fraction of the
entire road network. In other words, some road segments will
have no microscopic weights during a time slot. Contend-
ing with this sparsity will require combining multiple infor-
mation sources, including long-range spatial neighbors and
long-term temporal history that include weights, as well as
inherent information of road segments such as their typical
microscopic weight distribution, in order to recover weights
for road segments without weights.

Second, we have segment-layer sparsity, as shown in Fig-
ure 1b®@. A road segment with microscopic weights may still
contain too few weights to enable estimation of an accurate
representation of the microscopic weights of the segment.
This calls for sparsity-awareness to decide whether to rely
more on available weights in case of low sparsity or to rely
more on other information sources in case of high sparsity.
Existing methods [Hu et al., 2019; Mufiiz-Cuza e al., 2022;
Han et al., 2022; Yuan et al., 2024] either disregard segment-
layer sparsity or simply discard all available data in segments
with high sparsity, which increases network-layer sparsity.

Solutions must represent microscopic weights judiciously.
As discussed above, microscopic weights capture vehicle-
level traffic conditions. However, representing them directly
as the set of all individual weights is inefficient, since the
number of observed vehicles varies considerably across time
and segments, making it difficult to derive accurate and gen-
eralizable representations from sparse weights. Rather, we
need a representation that can capture complex traffic condi-
tions accurately, including distributions with heavy tails and
multiple clusters, while remaining interpretable and efficient.

Most existing methods [Hu et al., 2019; Muiiiz-Cuza et
al., 2022; Han et-al., 2022; Yuan et al., 2024] adopt his-
tograms with fixed range and number of bins to represent
microscopic weight distributions. However, such histograms
face a trade-off between range coverage and resolution. For
example, as shown in Figure 2, consider sets of microscopic
weights with multiple clusters in the range [0,15]. In case
(a), a heavy tail value 41 forces the histogram to cover the
range [0,41], reducing resolution where most weights lie.
In both cases, the fixed range and number of bins makes
it difficult for histograms to distinguish the multiple clus-
ters accurately, while Gaussian mixture models can capture
these patterns flexibly. Diffusion models [Ho et al., 2020a;
Wen et al., 2023a] are alternatives that can flexibly model
complex distributions. However, they do not provide closed-

form representations, making them impractical for micro-
scopic weight completion tasks that require explicit distribu-
tion information.

We propose Di-Sparsity Graph Gaussian Mixture Model
(DISGMM) for accurate time-varying microscopic weight
completion. Design choices in DISGMM address the above
two challenges. First, to contend with the two layers of data
sparsity, DiISGMM introduces two modules for learning la-
tent embeddings of different information sources: one mod-
ule for learning a static embedding for each road segment that
incorporates inherent information; one module for learning a
dynamic embedding for each road segment at a certain time
slot, balancing known weights and inherent information with
awareness of the segment-layer sparsity. DiSGMM also in-
corporates a spatiotemporal U-net with global residual con-
nections, which is effective at gathering information from
long-range spatial neighbors and long-term temporal history,
thus contending with network-layer sparsity. Second, for
the representation of microscopic weights, DiSGMM adopts
a learnable Gaussian mixture model [Reynolds and others,
2009], which provides closed=form distributions while being
flexible enough to capture complex traffic conditions includ-
ing ones with heavy tails and multiple clusters. We report on
extensive experiments on two real-world datasets that com-
pare the performance of DiISGMM against several state-of-
the-art methods. Results providing evidence that DiSGMM
achieves its design goal.

The paper’s main contributions are summarized as follows:

e We propose DiSGMM, a novel method for time-varying
microscopic weight completion on road networks that ad-
dresses two unique challenges of the problem.

* The method features a dual sparsity-aware architecture that
combines static and dynamic embeddings with a spatiotem-
poral U-net, effectively handling both segment-layer and
network-layer sparsity.

* The method enables learnable Gaussian mixture models for
representing microscopic weights, providing closed-form
distributions that flexibly represent complex traffic condi-
tions with heavy tails and multiple clusters.

* We report on extensive experiments on two real-world
datasets, finding that DiSGMM is able to consistently out-
perform state-of-the-art methods.

2 Related Work

Road network weight completion is a fundamental problem
in traffic data mining, aiming to recover missing or incom-
plete weight information across road segments due to limita-
tions in data collection. As mentioned in the introduction, we
categorize road network weights into macroscopic and mi-
croscopic weights. Below, we briefly discuss macroscopic
weight completion to provide context. Then we discuss exist-
ing microscopic weight completion studies, which represent
alternatives to our proposal.

2.1 Macroscopic Weight Completion

Macroscopic weight completion has been studied exten-
sively due to its importance in traffic monitoring and predic-
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tion. Existing methods can be categorized by their spatial-
temporal modeling techniques. Tensor completion meth-
ods [Chen et al., 2022; Song et al., 2019] leverage low-
rank assumptions to capture global patterns in traffic data,
such as daily and weekly periodicity. RNN-based mod-
els [Hochreiter and Schmidhuber, 1997; Cao et al., 2018;
Liu et al., 2019] capture temporal dependencies among con-
secutive time steps through sequential processing. GNN-
based approaches [Kipf and Welling, 2017; Cini et al., 2022;
Wu et al., 2021; Wei et al., 2024] explicitly model spatial cor-
relations among road segments using road network structures.
Attention-based methods [Shukla and Marlin, 2021; Nie et
al., 2024; Vaswani er al., 2017] provide flexible long-range
dependency modeling across both space and time. GAN-
based models [Goodfellow et al., 2014; Yoon et al., 2018;
Li et al., 2019] and diffusion models [Tashiro et al., 2021;
Liu er al., 2023] offer probabilistic imputation with uncer-
tainty quantification.

However, macroscopic and microscopic weight completion
have fundamentally different objectives and data character-
istics. Macroscopic weights are aggregated measurements
(e.g., average travel times, vehicle counts), and their com-
pletion focuses on recovering these aggregate statistics us-
ing available observations and spatiotemporal correlations.
In contrast, microscopic weights capture vehicle-level traf-
fic conditions, and their completion requires recovering the
full distribution of weights for each road segment and time
slot, not just aggregated statistics. Furthermore, microscopic
weight completion faces unique challenges including the two
layers of data sparsity and the need for appropriate repre-
sentations of distributions, which are not concerns in macro-
scopic weight completion.

2.2 Microscopic Weight Completion

Compared to macroscopic weight completion, micro-
scopic weight completion has received much less attention.
GCWC [Hu et al., 2019] is the first study to explicitly ad-
dress microscopic weight completion. Instead of completing
weights as single average values, GCWC completes weights
as distributions in the form of histograms and uses a GCN-
based network to complete the weight distributions of all road
segments during a target time slot. While it considers spatial
correlations between road segments, it disregards temporal
correlations across different time slots. SSTGCN [Muiiiz-
Cuza et al., 2022] addresses this limitation by employing
TCNs [Lea et al.,-2016] and GCNs to capture both spatial
and temporal correlations between road segments. It also in-
troduces a mechanism to avoid propagating noisy information
when dealing with high sparsity. ConGC [Han et al., 2022]
further improves completion accuracy on sparse data by uti-
lizing a graph containing contextual information of road seg-
ments, such as speed limits and numbers of lanes, to achieve
higher accuracy when only few weights are known. How-
ever, the contextual information needed to build such graphs
is not always available. Nuhuo [Yuan et al., 2024] partitions
the road network into regions and uses a two-level encoding
scheme: a global encoder captures inter-region correlations,
while a local encoder models fine-grained spatial and tempo-
ral patterns within each region.

However, existing methods do not tackle the two chal-
lenges identified in the introduction. First, while they address
network-layer sparsity through spatial and temporal model-
ing, they do not explicitly handle segment-layer sparsity, fail-
ing to adaptively adjust their reliance on sparse weights ver-
sus other information sources. Second, all existing methods
use histograms to represent microscopic weights, which face
a trade-off between range coverage and resolution that makes
it difficult to represent complex distributions such as ones in-
cluding heavy tails and multiple clusters.

3 Preliminaries

Definition 1 (Road Network). A road network is modeled as
a directed graph G = (V,E), where V is a set of nodes v;
that represent road intersections or -endpoints of road seg-
ments and where £ is a set of directed edges e; = (vj,vy)
that represent road segments. Each edge e has an associated
length I that captures the length of the segment it represents.

Definition 2 (Vehicle-level Travel Speed). For a road seg-
ment e with length l., the vehicle-level travel speed is defined
as s = lo/ At, where At is the time elapsed between a vehicle
entering and leaving the segment.

Definition 3 (Time-varying Microscopic Weights). In a road
network G, during a time slot T = [t} t?), each road seg-
ment e € £ is associated with a set of microscopic weights
WY, Where each element is the vehicle-level travel speed of
a vehicle that traverses segment e during time slot T. We
adopt travel speed rather than travel time as the weight be-
cause speed is normalized by segment length, enabling direct
comparison across segments. In contrast, travel times scale
with segment length.

Problem definition. Time-varying microscopic weight
completion. Given a road network G = (V,€) and a se-
quence of historical time slots (T, T5, . .., Ty—_1) along with
the current time slot Ty, where T; = [t},t?), we have mi-
croscopic weights {W11 W2 . WT#} for each road seg-
ment e € £. Note that some sets W may be empty or sparse
due to limited data coverage. The goal is to estimate an accu-
rate representation of the microscopic weight distribution for
element in WX# across all road segments in &.

4 Methodology

As shown in Figure 3, DiSGMM addresses the two unique
challenges of microscopic weight completion as follows. For
the first challenge of two layers of sparsity, DiSGMM in-
corporates three main modules: a static road segment em-
bedding module that captures inherent information of each
road segment from network topology and historical weights;
a sparsity-aware dynamic embedding module that balances
known weights and inherent information with awareness of
segment-layer sparsity; and a spatiotemporal U-net with
global residual connections that gathers information from
long-range spatial neighbors and long-term temporal history,
contending with network-layer sparsity. For the second chal-
lenge of representation of microscopic weights, DiSGMM
adopts learnable Gaussian mixture models, providing closed-
form distributions of microscopic weights that flexibly cap-
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Figure 3: Overview of DISGMM.

ture complex traffic conditions including heavy tails and mul-
tiple clusters.
The following sections detail each module of DiSGMM.

4.1 Static Road Segment Embedding

The microscopic weight distribution of a road segment is
closely tied to its inherent properties. To capture such proper-
ties without relying on additional contextual information, we
design a static embedding module that learns the static em-
bedding vector of each road segment from two sources: (1)
network topology, reflecting a segment’s role and neighbor-
ing structure, and (2) historical weight patterns, since seg-
ments with similar historical microscopic weights typically
share similar properties.

For topology, we perform random walks on the road net-
work G following DeepWalk [Perozzi et al., 2014] to generate
sequences of contextual segments around each target segment
e. For historical patterns, we collect the microscopic weights
of e across all historical time slots.

We then employ an objective inspired by  skip-
gram [Mikolov et al, 2013] that maximizes the co-
occurrence probability of contextual segments given the
target segment and its historical weights. Specifically, we
assign a static embedding vector z, € R to each segment
e, an output vector zgk € R2? to each contextual segment,
and encode each historical weight w,using learnable Fourier
features ®(w,.) € R? [Li et al., 2021]. The objective is:

IOgH 1Ty’

1 2cpee XD((Zel[R(we))ze, )

exp((ze|®(we))z., ")

ey

Eembed

where || denotes concatenation and {eq, ..., ec} are contex-
tual segments from the random walk. This ensures that seg-
ments with similar topology and historical weight distribu-
tions learn similar embeddings z., encoding their inherent,
time-invariant properties. The detailed formulation is pro-
vided in Appendix.

4.2 Sparsity-aware Dynamic Embedding

During a specific time slot 7’;, most road segments have few
known microscopic weights, presenting segment-layer spar-
sity. The sparsity-aware dynamic embedding module ad-
dresses this by adaptively balancing two information sources:
(1) the aggregated known weights of the segment during the

time slot, and (2) the static embedding vector z. learned in
Section 4.1, which captures inherent segment properties.

We first aggregate known weights ng using learnable
Fourier features and a Transformer encoder [Vaswani et al.,
2017], yielding AggeTj € R%  To incorporate sparsity-
awareness, we encode the number of known weights |WZ’ |
into a hidden vector \I/Zj using learnable Fourier features,
then employ a gate mechanism [Chung ef al., 2014] to bal-
ance the two sources:

, T , T

fer=o(Wl Wilgel + U] Ujz, +by),

~ T

h,” = tanh(W,Agel’ + U, (f5 © z.) +by), (2

AT}

hi =(1-fP)©ze+ f2 Oh',
where fzj is a forget gate controlled by the sparsity encod-

LT
ing, h,” is a candidate hidden vector combining both sources,
and hgf is the dynamic embedding vector of segment e dur-
ing time slot T;. When fewer weights are known (higher
sparsity), the gate relies more on the static embedding z.;
when more weights are available, it incorporates more from
the aggregated known weights. The detailed formulation is

provided in Appendix.
4.3 Spatiotemporal U-net with Global Residual
Connections

Accurate microscopic weight completion relies heavily on
long-range spatial correlations and long-term temporal de-
pendencies. To effectively model such correlations and ad-
dress network-layer sparsity, we propose a spatiotemporal U-
net with global residual connections, building upon the U-net
architecture [Ronneberger et al., 2015; Ho et al., 2020b].

The spatiotemporal U-net consists of spatiotemporal resid-
ual (STRes) blocks and down/up-sampling blocks organized
in three components: the left component with L,.s pairs of
STRes and down-sampling blocks, the middle component
with two STRes blocks, and the right component with L, g
pairs of STRes and up-sampling blocks.

STRes and Down/Up-Sampling Blocks

Following UGnet [Wen et al., 2023b], each STRes block
captures spatiotemporal correlations through temporal con-
volution (TCN [Lea er al., 2016]) followed by spatial con-
volution (GCN), with a residual connection. The input to
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the first STRes block is the collection of dynamic embed-
dings hZJ from all segments across all time slots, forming
H e RI€IXHxd gybsequent blocks take outputs from previ-
ous blocks.

The down-sampling blocks halve the temporal dimen-
sion while doubling the feature dimension, enabling effec-
tive modeling of long-term temporal correlations. The up-
sampling blocks perform the reverse operation. This multi-
scale structure avoids excessive stacking of STRes blocks,
which can cause vanishing gradients. Detailed formulations
are provided in Appendix.

Global Residual Connections

In most U-net architectures, residual connections exist from
the left component to the right component to facilitate effec-
tive training. We introduce global residual connections to
enhance the modeling of long-range spatial correlations and
further address network-layer sparsity.

We first partition the edge set £ of road network G into non-
intersecting clusters using the Louvain algorithm [Blondel et
al., 2008]:

E— {517527"'75Ncls}7 (3)

where &; is a set of edges belonging to the j-th cluster and
N¢js 1s the number of clusters.

For each STRes block in the left component, we perform
cluster-level mean pooling on its input H to obtain a clus-
tered hidden state for the j-th cluster:

Zegﬂegj H

R Nin X 4
=1 © %

Hcls,j =

We then expand the clustered representations back to
segment-level by fetching each segment’s cluster represen-
tation with positional encoding:

Hexpe; = Has,j + PE(), ®)

where e; belongs to the j-th cluster and PE is positional en-
coding [Vaswani et al., 2017] to distinguish different seg-
ments within a cluster. The expanded representations H ¢y, €
RIEIXNinxdin are concatenated with H along the feature di-
mension as residual input to the corresponding STRes block
in the right component.

By establishing residual connections based on graph clus-
tering, the spatiotemporal U-net extracts long-range spatial
correlations without excessive stacking of GCN layers, which
can cause over-smoothing.

4.4 Learnable Gaussian Mixture Model

To address the challenge of microscopic weight representa-
tion, we adopt learnable Gaussian mixture models (GMMs).
Unlike histograms whose accuracy is severely affected by
heavy tails, and diffusion models that lack closed-form rep-
resentations, GMMs provide closed-form distributions that
flexibly capture complex traffic conditons including heavy
tails and multiple clusters.

From the output of the spatiotemporal U-net H &
RIEIXH*d we estimate the GMM for each segment e and

time slot T); by applying three prediction heads on H Zj :

(61,62, ¢x) = softmax(H " Wy + by),
<:u17 M2y - - aMK> = ReLU(‘HZjWM + bu)v
(01,09,...,0K) :exp(I?IZjWa + b,), (6)

K
pwl) =" N (Wl |, ok),
k=1

where W, W, W, € R¥™>¥ and by, b,,b, € RE are
learnable parameters, and K is the number of Gaussian com-
ponents.

To train the model, we maximize the likelihood of p(wz 7
for all observed microscopic weights. Given a ground truth
weight w, the loss is:

K
Lyuie =Y drexp(= ((w - p)? /2012
— (7

~ log(ox) — log(v2).

While inference typically completes weights only for the
most recent time slot Ty, we train on all time slots in 7 to
enhance model effectiveness.

S Experiments

5.1 Datasets

We utilize two microscopic weight datasets referred to as
HTT and CD. Both datasets are organized into records of
vehicle-level travel speeds (m/s) on road segments.

The HTT dataset was published at the KDD Cup 2017!
for a highway tollgate traffic flow prediction competition. It
contains travel times of 24 road segments recorded by loop
detectors located in a highway tollgate network. The data
covers 19/07/2016 to 31/10/2016. We calculate travel speeds
of road segments utilizing the travel times and road segment
lengths in the datasets.

The CD dataset was released by Didi” and consists of GPS
trajectories of taxis operating in Chengdu during 01/10/2018
to 01/12/2018. We fetch the road network of Chengdu from
OpenStreetMap® and map-match [Yang and Gidéfalvi, 2018]
the trajectories onto the road network. The travel speeds of
road segments are then calculated based on the map-matched
trajectory points. To have a sufficient number of ground truth
weights for evaluation, we select road segments in the central
region of Chengdu and use the largest connected subgraph
consisting of 194 road segments.

For both datasets, we divide a day into 96 15-minute time
slots. This allows us to form a set of time-varying micro-
scopic weights for each segment and time slot. The original
missing rate of a dataset is defined the number of empty sets
divided by the total number of sets in the dataset. Given the

"https://www.kdd.org/kdd2017/announcements/view/announcin
g-kdd-cup-2017-highway-tollgates-traffic-flow-prediction

Zhttps://gaia.didichuxing.com/

*https://www.openstreetmap.org/
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above settings, the original missing rates of HTT and CD are
31.918% and 33.766%, respectively.

To ensure that the completed representation of weight dis-
tributions can be evaluated, we follow the practice of GCWC
and use target missing rates to process the input weights to
models. Specifically, for each time slot, given a target miss-
ing rate 7, we remove all known weights of randomly selected
road segments so that there are at least a fraction r of road
segments miss known weights. The processed sets of weights
are given as inputs to the models, and the unprocessed sets
are used as the ground truth. In our experiments, four target
missing rates are used: r = 50%, 60%, 70%, and 80%.

5.2 Comparison Methods

The following methods are direct comparison with the pro-
posed method on microscopic weight completion.

* Historical Average (HA): gathers all historical weights for
the target road segment and estimates the density. We use
two variants: HA-Hist and HA-GMM to estimate the dis-
tributions as histograms and Gaussian mixture models, re-
spectively.

* GCWC [Hu et al., 2019]: utilizes GCN-based graph pool-
ing to complete the stochastic weights of road segments.

e SSTGCN [Muiiiz-Cuza et al., 2022]: combines TCNs and
GCNs to model spatiotemporal correlations between road
segments.

* ConGC [Han et al., 2022]: introduces a contextual graph
for incorporating contextual features of road segments.

* Nuhuo [Yuan er al., 2024]: partitions the road network into
regions and uses a two-level encoding scheme with global
and local encoders. We also construct a variant Nuhuo-
GMM by modifying the original output distributions from
histograms to Gaussian mixture models.

We also include two state-of-the-art macroscopic. weight
completion methods with uncertainty consideration for com-
parison. Both methods share the technical similarity with mi-
croscoic weight completion: they estimate weight distribu-
tions. Do note that since they focus on macroscopic weight,
the distribution estimation design is to take the uncertainty of
statistics into consideration. This is fundamentally different
from methods focus on microscopic weights.

e STGNF [An et al., 2024]: combines conditional normaliz-
ing flows with spatiotemporal graph learning to predict the
probability distribution of macroscopic weights.

* PriSTI [Liu er al., 2023]: employs conditional diffusion
probabilistic models with spatiotemporal attention to esti-
mate the probability distribution of macroscopic weights.

5.3 Settings

For both datasets, we split the time periods by 8:1:1 to create
the training, validation, and testing sets. Models are trained
on the training set and evaluated on the testing set. The val-
idation set is used for hyper-parameter tuning and for imple-
menting early-stopping techniques.

To compare the accuracy of various types of distributions
fairly, we employ two metrics: likelihood [Shao, 2003] and

Continuous Ranked Probability Score (CRPS) [Matheson and
Winkler, 1976]. Given an estimated weight distribution p and
a ground truth weight w, the likelihood is directly calculated
as the probability of p at observation w, and CRPS is calcu-
lated as CRPS(p, ) = [5(p(2) — I(z < z))?dz, where I
an indicator function which equals one if z < z, and equals
zero otherwise. These metrics assess how well the estimated
distributions align with the recorded microscopic weights. A
higher likelihood and a lower CRPS indicate better perfor-
mance in the experiment. Note that likelihood cannot be cal-
culated on methods that do not provide closed-form distribu-
tions, like PriSTI.

The proposed method is implemented using Py-
Torch [Paszke et al., 2019]. The five key hyper-parameters of
the proposed method and their optimal values are H = 16,
Lags = 2, Lyes = 2, d = 128, and K = 4. The effectiveness
of these hyper-parameters are also discussed in Appendix.
For the comparison methods, we set their hyper-parameters
to the optimal values indicated in their respective papers,
and use 8 bins for histograms. We utilize the contextual
information in datasets, ‘including lengths and levels of
segments, to build the contextual graph for ConGC. Each
experiment is repeated 5 times, and the mean and variance of
the results are reported.

5.4 Performance Comparison

Table ‘1 presents the overall performance of the methods.
The estimated weight distributions are also visualized in Ap-
pendix.

We have the following observations. First, among the
histogram-based microscopic weight completion methods,
Nuhuo achieves the best performance by leveraging a two-
level encoding scheme that captures both global and local
spatial patterns. GCWC and SSTGCN, which model spatial
or spatiotemporal correlations, outperform the simple histor-
ical average baseline HA-Hist. ConGC further improves ac-
curacy by incorporating contextual features of road segments.

Second, methods that model microscopic weights as
GMMs generally achieve higher accuracy than histogram-
based methods. Histograms are limited by their predefined
range and number of bins, making it difficult to accurately
capture the underlying weight distributions. In contrast,
GMMs can adapt to complex traffic conditions by learning
appropriate means, variances, and mixture weights. This ad-
vantage is reflected in the performance gap between Nuhuo
and Nuhuo-GMM, where the GMM variant consistently out-
performs its histogram counterpart.

Third, the macroscopic weight completion methods,
STGNF and PriSTI, show mixed results. STGNF is designed
for traffic prediction rather than completion, and thus does not
explicitly consider either layer of sparsity; its performance
degrades notably at high missing rates. PriSTI models only
macroscopic weights (aggregated statistics) and does not ac-
count for segment-level sparsity, which limits its effective-
ness in the microscopic setting.

Fourth, DiISGMM achieves the best performance among all
methods. While Nuhuo and Nuhuo-GMM address network-
layer sparsity through their encoding schemes, they do not
explicitly model segment-level sparsity. DiSGMM addresses
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\ Likelihood (%) 1 \ CRPS |
Datasets | Methods  —— g —60%  r=70%  r=80% | r=50% r=60% r=T0%  r=S0%
HA-Hist 7.29040.00 7.30040.01 7.28840.01 7.28840.00 | 2.344+0.00 2.345+0.00 2.3464+0.00 2.346+0.00
GCWC 9.34340.10 9.167+0.06 8.960+0.05 8.576+£0.10 | 2.1344+0.01 2.1604+0.01 2.180+0.03 2.226+0.02
SSTGCN 10.0794+0.16  9.762+0.15 9.362+0.12 8.623+0.13 | 2.1114+0.02 2.146+0.03 2.1894+0.02 2.229+0.03
ConGC 10.243+0.20  9.98140.23 9.71740.25 9.233+0.25 | 2.0984+0.03 2.11940.04 2.137+£0.04 2.183+0.03
HTT Nuhuo 11.2034+0.20 10.564+0.23 10.059+0.13  9.481£0.12 | 2.078+0.01 2.1044+0.02 2.128+0.01 2.173+0.01
HA-GMM 6.989+0.03 6.95940.03 6.97440.02 6.991+£0.04 | 2.364+0.00 2.3674+0.00 2.365+0.00 2.365+0.00
STGNF 12.19540.15 11.2684+0.17 10.4454+0.10  9.083+0.19 | 2.0874+0.02 2.112+0.01 2.1834+0.02 2.283+0.02
PriSTI - - - - 2.055+0.04 2.082+0.04 2.1154+0.03 2.169+0.03
Nuhuo-GMM 12.91540.15 12.446+0.13 11.7244+0.13  10.779+0.10 | 2.032+0.01 2.06240.02 2.101£0.02 2.165+0.02
\ DiSGMM (ours) \ 14.745+£0.12 13.964+0.22 12.948+0.23 11.619+0.23 \ 1.936+0.01 1.9724+0.01 2.004+0.02 2.067+0.01
HA-Hist 6.444+0.00 6.4384+0.00 6.43640.01 6.442+0.02 | 2.6284+0.00 2.6304+0.00 2.628+0.00 2.630+0.00
GCWC 7.7044+0.04 7.63340.05 7.5084+0.12 7.4404+0.07 | 2.365+0.02 2.378+0.01 2.3814+0.02 2.388+0.02
SSTGCN 8.663+0.07 8.321+0.05 7.82840.10 7.224+0.07 | 2.226+0.02 2.3214+0.03 2.447+0.04 2.640+0.03
ConGC 8.466+0.17 8.353+0.14 8.357+0.27 8.158+0.16 | 2.2934+0.02 2.333+0.04 2.3114+0.04 2.351+0.04
cD Nuhuo 9.559+0.25 9.107+0.19 8.705+0.23 8.444+0.13 | 2.246+0.01 2.28740.02 2.304+0.04 2.343+0.02
HA-GMM 7.46940.02 7.42140.01 7.46340.02 7.4854+0.00 | 2.519+0.01 2.5254+0.00 2.5184+0.01 2.51740.00
STGNF 13.95740.18 11.9254+0.53 10.217+0.36  8.555+0.15 | 2.109+0.04 2.1954+0.06 2.371+£0.06 2.582+0.06
PriSTI - - - - 2.1354+0.05 2.18540.05 2.268+0.06 2.3154+0.06
Nuhuo-GMM 13.905+0.22 12.878+0.23 11.690+0.24 10.368+0.15 | 2.116+0.02 2.165+0.03  2.2324+0.03 2.27340.03
\ DiSGMM (ours) \ 16.388+0.13  15.027+0.14 13.403+0.22 11.835+0.15 \ 1.996+0.03 2.043+0.02 2.114+0.05 2.145+0.03
Bold denotes the best result, and underline denotes the second-best result.
Table 1: Overall performance of methods.
Methods \ Likelihood (%) T \ CRPS |
| 7=50% r = 60% r="T0% r=80% | r=>50% r = 60% r="T0% r = 80%
-Sparsity 14.696+0.30 13.591£0.28 12.603+0.22 11.198+0.14 | 1.9404+0.02 1.9844+0.01 2.0104+0.01 2.07140.03
-Static 13.420+0.15 13.040+£0.21 12.018+0.37 10.813+0.31 | 1.9624+0.01 2.0034+0.02 2.0584+0.03 2.098+0.04
-DS 13.0264+0.07 12.716+0.05 11.4364+0.22 10.283+0.18 | 1.991+0.02 2.015+£0.02 2.087+£0.02 2.171£0.02
-Global Res 14.565+0.20 13.643+0.18 12.410+0.23 11.46240.15 | 1.9464+0.02 1.9814+0.01 2.0184+0.03 2.07440.03
DiSGMM (full) | 14.745+0.12 13.964+0.22 12.948+0.23 11.619+0.23 | 1.936+0.01 1.9724+0.01 2.004+0.02 2.067+0.01

Bold denotes the best result, and underline denotes the second-best result.
Table 2: Performance of DISGMM'’s variants and the full model.

both layers of sparsity: it calculates sparsity-aware embed-
dings that effectively capture sparsity at the segment level,
and employs a spatiotemporal U-net architecture to capture
long-range correlations across the network. This comprehen-
sive treatment of sparsity enables DiISGMM to achieve supe-
rior accuracy in microscopic weight completion.

5.5 Ablation Study

To assess the effectiveness of the components of DiISGMM,
we compare the performance of the complete method against
four variants:

» -Sparsity: removes. sparsity-awareness from the gated
mechanism in Equation 2. Specifically, makes fzj =
o(WAggli + Uz, + by).

* -Static: removes the static road segment embedding mod-
ule and uses instead the vanilla node2vec for learning road
segment embeddings.

* -DS: removes both sparsity-awareness and static embed-
dings, and uses Agg(WZj ) from as the hidden state b7 .

* -Global Res: removes the global residual connections.

The performance of these variants on the HTT dataset is
reported in Table 2. First, comparing the variants -Sparsity,

-Static, and -DS with the full model, we find that the sparsity-
awareness of the gated mechanism in Equation 2 and the
static road segment embedding module both improve the per-
formance of DiISGMM. Removing either or both of these de-
signs leads to a drop in the completion accuracy. Second,
comparing the variant -Global Res with the full model, we
observe that the global residual connections in the proposed
spatiotemporal U-net are effective. Removing these connec-
tions impacts the model’s ability to capture long-range spatial
correlations negatively and results in worse performance.

6 Conclusion

We propose DiSGMM, a novel method for time-varying mi-
croscopic weight completion on road networks that addresses
two unique challenges. For the two layers of sparsity, DiS-
GMM incorporates sparsity-aware embeddings that effec-
tively leverage sparse observations alongside learned segment
properties, and a spatiotemporal U-net with global residual
connections that captures long-range correlations. For repre-
sentation design, DiSGMM adopts learnable Gaussian mix-
ture models, providing closed-form distributions that flexibly
capture complex traffic conditions. Extensive experiments on
two real-world datasets demonstrate that DiSGMM consis-
tently outperforms state-of-the-art methods.
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