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Abstract

Uncertainty quantification in travel time estimation (TTE)
aims to estimate the confidence interval for travel time, given
the origin (O), destination (D), and departure time (T). Ac-
curately quantifying this uncertainty requires generating the
most likely path and assessing travel time uncertainty along
the path. This involves two main challenges: 1) Predicting
a path that aligns with the ground truth, and 2) modeling
the impact of travel time in each segment on overall uncer-
tainty under varying conditions. We propose DutyTTE to ad-
dress these challenges. For the first challenge, we introduce
a deep reinforcement learning method to improve alignment
between the predicted path and the ground truth, providing
more accurate travel time information from road segments to
improve TTE. For the second challenge, we propose a mix-
ture of experts guided uncertainty quantification mechanism
to better capture travel time uncertainty for each segment
under varying contexts. Extensive experiments on two real-
world datasets demonstrate the superiority of our proposed
method.

Code — https://github.com/maoxiaowei97/Duty TTE

Introduction

Origin-destination (OD) travel time estimation (TTE) refers
to estimating the travel time At from the origin (O) to the
destination (D) starting from the departure time (T). In many
real-world applications, providing just an average estimate
of travel time is inadequate. A more reliable and informa-
tive approach includes quantifying travel time uncertainty.
Specifically, we aim to estimate the confidence interval for
travel time with a specified confidence level to quantify un-
certainty, which is beneficial in many scenarios. For exam-
ple, ride-hailing services can benefit from providing cus-
tomers with lower and upper confidence bounds of travel
time, allowing them to better plan their schedules (Liu et al.
2023). Moreover, understanding travel time uncertainty can
help ride-hailing and logistics platforms improve decision-
making effectiveness, such as in order dispatching and vehi-
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Figure 1: Motivation for DutyTTE: Each segment has varied
travel time distributions, calculated using data from a period
prior to the departure time.

cle routing (Xu et al. 2018; Fu et al. 2020). Existing studies
for OD TTE (Yuan et al. 2020a; Lin et al. 2023; Wang et al.
2023) primarily focus on point estimates of travel time and
have not adequately addressed uncertainty quantification.

Quantifying origin-destination travel time uncertainty in-
volves two key tasks. First, a path between OD that matches
the ground truth needs to be predicted, as the accuracy of the
path is closely related to the accuracy of the quantified un-
certainty in TTE. Second, the travel time uncertainty in each
segment along the predicted path needs to be quantified so
that the travel time for the whole trip can be aggregated (Lin
et al. 2023; Wang et al. 2023). Effectively accomplishing
these tasks faces several challenges.

First, predicting a path that aligns with the ground
truth is challenging. Given an OD input, errors at multi-
ple steps during path prediction can lead to significant di-
vergence between the predicted and actual paths, especially
for long paths with distant OD pairs. Such errors can accu-
mulate, making the predicted path diverge from the actual
path, which greatly hurts the accuracy of the quantified un-
certainty in TTE. Traditional methods for path prediction
typically involve modeling the weights of road segments,
which are then integrated into search-based algorithms (Jain



et al. 2021; Tian et al. 2023) to generate a path step by step.
More recent approaches (Shi et al. 2024; Mao et al. 2023b)
use deep neural networks to learn transition patterns among
roads and generate paths autoregressively. These methods
face challenges in predicting paths that closely match the
ground truth due to limited solutions for mitigating error ac-
cumulation during path prediction.

Second, effectively modeling the impact of travel time
in each road segment on overall travel time uncertainty
under varying conditions is challenging. Travel time on
a segment can vary significantly between trips, contribut-
ing differently to the overall uncertainty. As illustrated in
Figure 1, the travel time of eg in trip 1, which starts at
8:00, is relatively certain since the statistical times during
7:50-8:00 are concentrated around 30 seconds. However,
during 8:10-8:20, travel times of eg become more varied,
increasing the uncertainty for trip 2 which starts at 8:20. The
varying segment-level travel time uncertainty, influenced by
complex factors like traffic conditions and departure times,
makes it difficult to accurately quantify overall path-level
travel time uncertainty.

To address these challenges, we propose DutyTTE for
Deciphering Uncertainty in origin-destination Travel Time
Estimation. First, to reduce error accumulation in path pre-
diction, we optimize path prediction by enhancing the over-
all alignment between the predicted path and the ground
truth, rather than just maximizing the likelihood of each seg-
ment independently. We introduce a Deep Reinforcement
Learning (DRL) approach to optimize objectives that mea-
sure the overall similarity between the predicted path and
the ground truth. Second, we propose a Mixture of Experts
guided Uncertainty Quantification mechanism (MoEUQ) to
model the impact of travel time in each road segment on
overall travel time uncertainty. This mechanism adaptively
selects the most suitable experts to process each road seg-
ment, handling its travel time uncertainty and its impact in
different contexts. This allows for better discrimination and
capture of each road segment’s impact on overall travel time
uncertainty.

Our contributions are summarized as follows:

* We propose an OD travel time uncertainty quantification
method that accurately predicts paths and provides reli-
able confidence intervals.

We introduce a DRL method to enhance the alignment
between the predicted path and the ground truth, facili-
tating accurate travel time uncertainty quantification.

We present a mixture of experts guided uncertainty quan-
tification mechanism to model the impact of travel time
in each road segment on overall travel time uncertainty.

Extensive experiments on two real-world datasets show
that our proposed method outperforms other solutions.

Related Work

Travel Time Estimation.

TTE solutions are classified into two types: for paths and
for OD input.

Path-based TTE methods like Wide-Deep-Recurrent
(WDR) (Wang, Fu, and Ye 2018a), DeepTTE (Wang et al.
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2018), and ProbTTE (Liu et al. 2023) use deep learning
to model spatio-temporal correlations in traveled segments.
DeepGTT (Li et al. 2019) uses a variational model for TTE.
GNNs and attention mechanism are used to capture spatial-
temporal dependencies in road networks for TTE (Fang et al.
2020; Hong et al. 2020; Derrow-Pinion et al. 2021; Fu et al.
2020; Jin et al. 2022; Chen et al. 2022; Yuan, Li, and Bao
2022; James 2021; Ye et al. 2022; Liu et al. 2024; Mao et al.
2023a). ProbTTE (Xu, Wang, and Sun 2024) models link
travel time with a Gaussian hierarchical model.

OD-based TTE methods, like TEMP (Wang et al. 2019),

ST-NN (Jindal et al. 2017), MURAT (Li et al. 2018), Dee-
pOD (Yuan et al. 2020b) model the correlations between
ODT and travel times. DOT (Lin et al. 2023) develops a dif-
fusion model for TTE using pixelated trajectories. MWSL-
TTE (Wang et al. 2023) proposes to search a path first, and
sums the estimated travel times of segments. However, these
methods face limitations in modeling the complex correla-
tions between OD pairs and travel time under varying traffic
conditions, and they lack the capability to effectively model
travel time uncertainty in road segments.
Uncertainty Quantification in Deep Learning. Meth-
ods for quantifying uncertainty in deep learning can
be broadly classified into Bayesian and frequentist ap-
proaches (Wu et al. 2021). Bayesian methods (Izmailov
et al. 2021; Kendall and Gal 2017) quantify uncertainty
by assigning probabilistic distributions to model parame-
ters, with variations in these parameters representing uncer-
tainty. Non-Bayesian methods include ensemble-based ap-
proaches (Lakshminarayanan, Pritzel, and Blundell 2017;
Liu et al. 2020), which model uncertainty by aggregating
predictions from diverse models, and Brownian Motion-
based techniques (Kong, Sun, and Zhang 2020), which sim-
ulate stochastic dynamics in the learning process to cap-
ture uncertainty. Techniques like MIS-Regression (Gneit-
ing and Raftery 2007) and Quantile Regression (Gasthaus
et al. 2019) estimate uncertainty intervals by modifying out-
put layers without relying on likelihood functions. These un-
certainty quantification methods can be integrated with TTE
approaches to estimate travel time uncertainty (Zhu et al.
2022). However, such combinations fail to accurately pre-
dict paths and account for the varying uncertainty of travel
times across segments under complex conditions.

Preliminaries

In this section, we provide the relevant definitions and for-
malize the problem of uncertainty quantification in origin-
destination travel time estimation.

Definition 1. Road Network. A road network is defined as
the aggregate of all road segments in a studied area or a city.
It is modeled as a directed graph G = (V, ), where V is
a set of nodes v; representing road intersections or segment
ends, and £ is a set of edges e; representing road segments.
Each node in the network has a unique index.

Definition 2. Trips and Paths. A trajectory T is a
sequence of GPS points with timestamps: 7T
((915¢1)s -5 (g7, ¢171))> Where g; = (Ing;,lat;),i =
1,...,|T| denotes i-th GPS point, and |7 | denotes the total



number of GPS points in the trajectory. After map-matching,
the trajectory of a trip is z7 = {(vi,c1), -+, (vg, ck)},
with the time index ¢ monotonically increasing. The total
travel time of the trip is y = ¢ — ¢;. Note that multiple GPS
data points can be located on the same road segment. A path
is defined as a sequence of nodes © = (v, ..., V|| ), Where
each pair of nodes is adjacent, ie., Vi = 0,1,--- |z
(1]2‘7 ’Ui+1) eé.

Problem Statement. We aim to learn a mapping function f
to estimate the upper and lower confidence bounds for travel
time based on an ODT input, denoted as i and 4, which
quantifies the uncertainty of the travel time. Such that [I, @]
is a confidence interval that covers the actual travel time 7
with a confidence level of 1 — p. We denote the ODT input
as ¢ = (go, 94, Co), Where g,, ga, and ¢, are the GPS points
of the origin, destination, and departure time, respectively.

s

Methodology

Figure 2 illustrates the proposed method. This section dis-
cusses path prediction from a DRL perspective, policy-
gradient optimization to align predicted paths with ground
truth, and MoE-guided uncertainty quantification for travel
time.

Path Prediction from the DRL Perspective

To mitigate error accumulation in path prediction, we aim
to optimize overall alignment objectives between the pre-
dicted path & and the ground truth x. However, overall
alignment measures like Longest Common Subsequence
(LCS) (Bergroth, Hakonen, and Raita 2000) and Dynamic
Time Warping (DTW) (Miiller 2007) are non-differentiable
when used as loss functions due to the arg max operation
involved in obtaining the predicted path. To address this, we
introduce a deep reinforcement learning (DRL) method to
enhance path prediction by improving overall alignment.

Path prediction is modeled as a finite-horizon discounted
Markov Decision Process (MDP), where an agent, over T’
discrete time steps, engages with the environment by making
actions for path generation. An MDP is defined as M =
(S,A,P,R, sp,~), with S being the set of states and A being
the set of possible actions. Next, P : S x A x § — R is
a transition probability function and R : S X A — Ris a
reward function. Finally, so : S — R, is the initial state
distribution and «y € [0, 1] is a discount factor.

Given a state s; at time ¢, the agent uses the policy
my to make sequential decisions regarding the next node
to generate. The agent then receives a reward r;. Next,
the reward is used to update the policy network. The ob-
jective is to learn the optimal parameters 8* for the pol-

icy network to maximize the expected cumulative reward:
T

0* = argmaxyE,, {Z ’ytrt} , where v controls the trade-
t=1

offs between the importance of immediate and future re-
wards. Next, we describe agent, state, action, reward, and
state transition in detail.

Agent. The agent takes actions according to the policy
based on the states and receives rewards to learn an optimal
policy that maximizes the cumulative reward. The actions
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are determined by a policy network. The policy network is
responsible for learning the mapping function fy from an
ODT to a path. In our formulation, the policy network is
mainly composed of a transformer (Vaswani et al. 2017) and
a prediction head. The transformer generates the representa-
tion of the predicted path. Next, the prediction head takes the
representation of the predicted path, traffic conditions, dis-
tance and direction to the destination as input, then it outputs
the distribution of generating the next node.

State. The state at time step ¢, denoted as s; € S, encodes
context information necessary to derive a policy at each time
step and is given by s; = (hy, 1.4—1, wy, disy, diry). Here,
h; denotes the representation of the predicted path, X1.;—1 is
the previously predicted path, w, denotes traffic conditions,
dis; is the distance from the current node to the destination,
and dir; is the direction from the current node to the desti-
nation at the ¢-th time step.

Action. An action a; € A; represents choosing the next
node to generate in the path. If there are 7" nodes in a path,
the sequence (ai,as -+ ,ar) € A1 X Ay X -+ X Ap rep-
resents a predicted path.

State Transition Probability. The transition probability
function P(sty1]st,at) : S X A x S — Ry quantifies the
likelihood of transitioning from state s; to state s;y; given
that action a; is executed. In our problem, the environment
is deterministic, meaning there is no uncertainty in the state
transition, and s, 1 is uniquely determined.

Reward. The reward function, designed to enhance the
alignment between the predicted path and the ground truth,
is defined and described in detail in the following section.

Policy-Gradient Optimization for Path Prediction

Maximize the expected cumulative reward can be converted
to a loss function defined as the negative expected reward

of the predicted path: £y = —E,,[r(a1, - ,ar)], where
{a1, - ,ar} ~ my are sampled from the policy 7y and
r(ai,- - ,ar) represents the reward. This reward is defined

by overall alignment objectives, utilizing metrics such as
DTW and LCS. DTW calculates the cost to align nodes of
the predicted path with the ground truth in a way that min-
imizes the total distance. While LCS identifies the longest
subsequence common to both the predicted path and the
ground truth. Generating paths with lower DTW and higher
LCS values indicates greater similarity to the ground truth.
Formally, the reward function calculated using the predicted
path & and the ground truth « is formulated as follows:

r(ay, -+ ,ar) = (w*xLCS(Z,z) — 8« DTW(2, x)),
(D
where w, and (3 are hyper-parameters that control the scale of
the reward. We can approximate the expected reward of the
predicted path using /N sampled paths from the policy 7y, .
The derivative of loss function Ly is formulated as follows:

1

N
= _N Z [Vﬂelogwe(a’ivl’ o 7ai’T)><

i=1

Vo Ly

r(aig, - a,7m)] (2
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Figure 2: DutyTTE first learns to predict paths from an ODT input by optimizing objectives that measure the overall alignment.
It then uses travel time information from segments in the predicted path to estimate travel time confidence intervals.

One limitation of this method is its high variance because
it relies solely on samples when calculating the loss func-
tion during training. To address this, we use Self Critical Se-
quence Training (SCST) (Rennie et al. 2017). In SCST, the
algorithm uses a baseline reward 7(@; 1, - - ,a; ) for the i-
th sample, where @; ; is the greedy selection of the model’s
prediction with frozen parameters. Thus, SCST compares
samples from the model against its prediction with fixed pa-
rameters. This allows SCST to compare samples against pre-
dictions, reducing variance without changing the gradient’s
expectation (Rennie et al. 2017). We baseline the gradient
using the reward from the arg max of the distribution when
generating the next node at each step:

N
1
v‘ﬂ'e Ty N Z o IOg 7T9(ai,1a e 7a'i,T)><

(r(ai,1,- ,air)) ]

where @, ; is the arg max value of the output distribution
for the next node from the ¢-th step of the i-th sample. If a
sampled sequence is better than the model’s greedy selection
output, the probability of observing that sample is increased;
if the sample is worse, the probability is decreased.
Inspired by (Hughes, Chang, and Zhang 2019; Paulus,
Xiong, and Socher 2017), we also use Maximum-Likelihood
Estimation (MLE) objective in path prediction to assist the
policy learning algorithm to achieve better prediction. For-
mally, the joint loss function is formulated as follows:

3

aai,T) —r(@,1,- -

Lo=7Lr, + LcE, 4)

where ~y is a hyper-parameter. Lcg is defined by the MLE
objective in path prediction (Shi et al. 2024).
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MOoE Guided Uncertainty Quantification

We propose a MoEUQ (Mixture of Experts for Uncertainty
Quantification) model to capture the varying degrees of
travel time uncertainty in each segment under different con-
ditions. This segment-level uncertainty is then aggregated to
estimate confidence intervals of overall travel time.

First, we take the discretized travel time distribution of
segments in the predicted path as input, such as u;‘; =
(dv, f1,- -+ .dm, fm) for segment e;. We select the top-m
largest possible travel times in a period before departure time
co. Here, d,,, is the m-th largest travel time and f,, is the
associated probability. We then concatenate ué; with learn-
able embeddings for the road segments and the time slice of
the departure time, then encode them to obtain the embed-
ding 7; of the j-th segment. Next, we utilize a wide-deep-
recurrent (Wang, Fu, and Ye 2018a; Mao et al. 2021) method
to model the spatio-temporal dependencies among segments
and the influence of other factors. The j-th encoded segment
in the predicted path is denoted as 7';., which contains travel
time information and aggregated spatio-temporal informa-
tion of other segments in a path.

To better capture travel time uncertainty in each seg-
ment, we introduce the Mixture of Experts (MoE) ap-
proach (Shazeer et al. 2017). This method utilizes different
combinations of experts to represent each segment based on
its aggregated spatio-temporal information, effectively han-
dling varying degrees of travel time uncertainty for the seg-
ment under different conditions. Specifically, given the j-th
encoded segment r , the output of the MoE layer is:

=30, G(r))Ei(r)), 5)

where E; (r;) denotes the output of the i-th expert network,



and G(r) denotes the gating network given r . There are
a total C’7 expert networks with separate parameters and the
output of the gating network is a C'-dimensional vector.

To prevent segments from being represented by the same
set of experts and to explore better combinations of experts
under varying conditions, we implement noisy top-k gating
before applying the softmax function in the gating network.
Each segment is routed to the most suitable experts, guided
by the gating network, to distinguish travel time uncertainty
in different conditions. The noisy top-k gating for the j-th
segment in a predicted path is formulated as:

r;) = Softmax (TopK(H (r ©)

’

H(rj)i = ('r/»

i Wy)i +N(0,1) - Softplus((

7"; - Whoise ) i )
@)

TopK (2, k); = {zz if z; is 'in the top k elements of z
—o0 otherwise
®)
Next, to estimate the confidence intervals of travel time
in the path, we sum along the sequence length dimen-
sion based on the output of the MoE layer. Then, we use
separate prediction heads to estimate the lower and upper
bounds of travel time, supervised by the Mean Interval Score
(MIS) (Gneiting and Raftery 2007). For a confidence level
of 1 — p, the predicted upper and lower bounds of the travel
time for the ¢-th sample given an ODT query q are defined
by @; = §; + 6;', and l7 = ; — cr , where ; and l are the
(1—%) and £ quantiles for the 1 — p confidence interval and
y; is the pomt estimation of travel time, respectively. The
MIS loss is formulated as follows:

| X
KMISZNZ;

2 . .
+ ;(yi — @) H{ys > d;}

)
2 A )
+ ;(lz — i) Hyi <li} + |yi — 94l
The MIS loss rewards narrower confidence intervals while
encouraging them to include the actual arrival time.

Experiments
Comparison Methods

First, baselines for travel time uncertainty quantification in-
clude: (1) T-WDR-MIS: Using a transformer for path pre-
diction, with WDR (Wang, Fu, and Ye 2018b) for TTE.
It uses prediction heads to output confidence intervals,
trained with MIS loss. (2) MWSL-TTE (Wang et al. 2023):
Sums estimated travel time across all segments of the pre-
dicted path. Uncertainty is based on variance from a learned
Gaussian distribution for each segment. (3) DeepOD-MIS:
Uses DeepOD (Yuan et al. 2020b) with prediction heads
for confidence intervals, trained with MIS loss. (4) DOT-
dropout: Incorporates MC Dropout (Zhu and Laptev 2017)
into DOT (Lin et al. 2023). (5) DOT-MIS: Equips DOT with
prediction heads for confidence intervals, trained with MIS.
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The desired confidence level of the confidence interval for
travel time is set at 90% (Angelopoulos et al. 2022; Bates
et al. 2021). To evaluate uncertainty quantification, we use
Interval Width (IW) and Prediction Interval Coverage Proba-
bility (PICP) (Lawless and Fredette 2005; Zhou et al. 2021),
where PICP is defined as the proportion of ground truth val-
ues covered by the estimated intervals.

Additional baselines for TTE: (1) TEMP (Wang et al.
2019): Estimate travel time using neighboring trips of a
query. (2) GBDT (Chen and Guestrin 2016): A machine
learning method. (3) ST-NN: (Jindal et al. 2017): Jointly
predicts travel distance and time.

We also compare methods for path prediction: (1) Dijk-
stra’s algorithm (DA): (Johnson 1973) Searches for the
shortest path for given OD pairs. (2) NMLR (Jain et al.
2021): Learns segment weights and searches for paths with
the largest weight at each step. (3) Key Segment (KS) (Tian
et al. 2023): Detects a relay vertex for given OD pairs, pre-
dicting paths from origin to relay, then to the destination. (4)
Transformer: Utilizes a transformer (Vaswani et al. 2017)
for path prediction as implemented in (Shi et al. 2024). (5)
GDP (Shi et al. 2024): uses a diffusion-based model to learn
path distributions and predict paths via transformers.

Overall Comparison

Effectiveness of Travel Time Uncertainty Quantification
T-WDR-MIS and MWSL-TTE outperform DeepOD-MIS in
PICP by leveraging estimated travel time in the predicted
path, highlighting the importance of predicting paths be-
fore quantifying uncertainty. T-WDR-MIS predicts paths au-
toregressively by maximizing the likelihood of each seg-
ment independently, while MWSL-TTE estimates transition
weights between segments to predict paths. Both methods
suffer from error accumulation in path prediction, limiting
their ability to provide reliable path information for uncer-
tainty quantification.

In contrast, DutyTTE enhances alignment with ground
truth using DRL techniques to predict accurate paths while
avoiding untraveled segment data. It employs MoEUQ to
capture segment-level uncertainty in complex contexts by
adaptively selecting experts to handle varying conditions.
This enables DutyTTE to effectively learn the contribution
of each segment’s travel time to overall uncertainty, achiev-
ing superior performance.

Effectiveness of Travel Time Estimation Table 3
presents the TTE results, where DutyTTE consistently out-
performs other baselines across two datasets.

MWSL-TTE and T-WDR are more accurate than DOT
and DeepOD by predicting potential paths and utilizing re-
cent travel time information. T-WDR outperforms MWSL-
TTE; while MWSL-TTE uses weak supervision for segment
travel times, T-WDR leverages recent data in road segments
and its wide-deep-recurrent architecture to capture correla-
tions among influencing factors.

DutyTTE improves MAPE by 14.39% to 15.65% over the
most competitive baseline. This is due to precise path pre-
diction between OD pairs and a mixture of experts guided



Datasets | Chengdu | Xi’an
Metric | RMSE (1) MAE(s) () MAPE (%)(}) PICP(%) () IW(s) | RMSE(}) MAE(s)(}) MAPE (%)(}) PICP(%) (1) IW (s)
DOT-dropout 313.81 242.56 29.10 17.21 145.06 | 306.13 228.93 28.19 19.43 176.64
MWSL-TTE 307.18 239.62 29.86 73.82 782.07 | 304.89 227.76 27.58 75.03 802.74
DeepOD-MIS 320.51 253.73 31.87 70.49 837.68 319.74 251.06 30.62 68.26 856.26
DOT-MIS 315.42 242.79 30.60 71.84 806.15 | 307.15 233.26 28.70 73.25 819.51
T-WDR-MIS 306.89 221.52 27.92 84.57 829.39 | 299.13 215.61 26.81 84.93 840.28
DutyTTE (ours) | 278.22 195.70 23.55 91.02 763.65 | 270.04 186.37 22.95 91.67 774.83
Improvement 9.34% 11.65% 15.65% 7.63% - 9.72% 13.56% 14.39% 7.93% -
Table 1: Performance of travel time uncertainty quantification.
Dataset | Chengdu Xi’an Datasets | Chengdu | Xi’an
Time span 11.01-11.16,2018 11.01-11.16, 2018 Metric ‘ LCS (1) DTW () ‘ LCS (1) DTW (})
Sampling rate 3s 3s
Number of trajectories 1,613,355 1,951,585 DA 3.74 0.103 4.62 0.093
average travel time 810.18s 770.32s NMLR 6.09 0.112 7.19 0.102
Area (width*height km?) 14.38%9.98 10.14x8.87 KS 12.03 0.039 12.82 0.036
Number of nodes 4599 5259 Transformer 13.48 0.019 13.85 0.024
Number of edges 6737 7784 GDP 13.51 0.019 13.91 0.024
. - DutyTTE 14.52 0.017 14.64 0.021
Table 2: Dataset statistics. Improvement | 7.48%  10.53% | 5.24%  12.50%
Datasets Chengdu / Xi’ .
e | e m . Table 4: Performance of path prediction.
Metric | RMSE(}) MAE (s) ({) MAPE (%) (1)
TEMP 317.33/312.06  259.17/249.62 32.16/32.07
GBDT 31591/318.10  247.03/24583  31.03/30.12 Dataset | Chengdu
STNN 324.62/336.56 268.67/264.95 33.28/32.93 Metric ‘ RMSE MAE MAPE PICP w
DeepOD 320.51/319.74  253.73/251.06 31.87/30.62
MWSL-TTE 307.18/304.89  239.62/227.76 29.86/27.58 wio-M | 28241 198.47 2432 88.63 781.52
DOT 315.42/307.15  242.79/233.26 30.60/28.70 wio-P | 302.93 21932 2728 87.15 836.09
T-WDR 306.89/299.13  221.52/215.61 27.92/26.81 DutyTTE | 27822 19570 23.55 91.02 763.65
DutyTTE (ours) | 278.22/270.04  195.70/186.37 23.55/22.95
Improvement 9.34%19.72% 11.65%/13.56% 15.65%/14.39% Table 5: Ablation study
Table 3: Performance of travel time estimation.
Reward
800
—— DutyTTE
. . . e w/o policy
travel time estimation method that effectively utilizes road 200
segment travel time distributions under varying contexts.
Effectiveness of Path Prediction As shown in Table 4, 600
KS surpasses DA and NMLR by identifying key segments 500
and predicting paths based on constructed OD pairs with
shorter distances. Both KS and NMLR rely on search-based 200
methods that generate the next segment based solely on the
learned weights among road segments. GDP models transi- 300
tion patterns in road networks using a diffusion model and
- . 1 21 41 61 81 101
uses a transformer to predict paths, yet still struggles to ad- Epoch

dress error accumulation. DutyTTE addresses this by using
a DRL method to enhance alignment between predicted and
true paths, achieving superior performance. Figure 3 illus-
trates the reward curves for DutyTTE and a transformer im-
plemented in GDP trained without policy loss (w/o policy).
The higher rewards achieved by DutyTTE demonstrate en-
hanced path alignment resulting from DRL techniques.

Ablation Study We conduct an ablation study with the
following DutyTTE variants: 1) w/o-M: removing the mix-
ture of experts guided uncertainty quantification mechanism.
2) w/o-P: removing the policy loss and using only cross-
entropy loss in path prediction.
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Figure 3: Reward curves during training.

We compare the performance of these variants with Du-
tyTTE, and the experimental results are presented in Table 5.
We observe the following: 1) The MoEUQ is crucial for
accurate uncertainty quantification, as MoEUQ effectively
learns the uncertainty of each segment under different con-
texts. 2) Integrating metrics that measure the overall simi-
larity between predicted paths and the ground truth into the
policy loss during training leads to improvements.
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Figure 4: Effectiveness of hyper-parameters.

Hyper-Parameter Analysis We demonstrate the effec
tiveness of key hyper-parameters on testing sets. In Fig-
ure 4 (a), we set the value of £ and the number of experts
as follows: ¢; : &k = 1,C = 8, ¢ : k = 2,C = 8§,
Cg:k:4,C:8,C4 k:6,C:8.InFig-
ure 4 (b), we configure the policy loss function with the
following hyper-parameters: ¢5 : w = 1,3 = 50,7 = 1,
c:w=10=100,y=1,¢; : w=1,8=50,y=0.5,
cg:w=0,8=0,7=0. We observe the following results.

1) In Figure 4 (a), setting the value of %k to 4 and the num-
ber of experts to 8 can lead to optimal performance. This can
be attributed to the fact that having too few k and experts
limits MoEUQ’s capability, as it can only handle a limited
number of traffic contexts for evaluating travel time uncer-
tainty in a segment. However, if the number of experts is too
large, the model complexity also increases, complicating the
training process and compromising performance.

2) In Figure 4 (b), applying the policy loss function with
different parameter settings, such as cs, cg, and c7, results in
improved performance compared to not using the policy loss
function, as seen with cgs. Among these configurations, cj
stands out as a better option for more accurate path predic-
tion compared to cg and c7. Achieving more accurate path
predictions also leads to improvements in travel-time esti-
mation and uncertainty quantification.

Analysis of the MoE Guided Uncertainty Quantification
The experimental results in Figures 5 and Figure 6 demon-
strate the effectiveness of the MoE method in quantifying
uncertainty for road segment travel times. In Figure 5, 2000
road segment samples under various traffic conditions were
randomly selected, with travel time variance calculated from
historical trajectories observed 10 minutes before trip de-
parture. This variance reflects the uncertainty of travel time
for each segment. The t-SNE visualization reduces high-
dimensional embeddings of these segments into two di-
mensions for comparison. The results demonstrate that with
MoE, clusters of road segments with low and high travel
time variance (indicating low and high uncertainty) are more
distinct compared to the scenario without MoE, where clus-
ter boundaries are less defined. This underscores MoE’s abil-

Dataset ‘ DA DOT T-WDR MWSL GDP DutyTTE

Chengdu | 0.0722 1.362 0.2675 0.1289 5.093  0.2706
Xi’an 0.0718 1.293 02649 0.1357 4.896  0.2682

Table 6: Execution time comparison (seconds per batch).
DutyTTE w/0-M 2000
1750
1500
1250
1000
750

The variance of travel time
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250

|

Ficure 5: t-SNE Visualization for embeddines of road see-
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Figure 6: Expert activation distributions.

ity to better capture and differentiate travel time uncertainty
under varying traffic conditions, improving overall uncer-
tainty quantification. Additionally, Figure 6 shows the most
frequently activated combination of experts for road seg-
ments with varying levels of uncertainty. The distribution of
activated experts differs across uncertainty levels, indicating
that the model dynamically employs diverse combinations
of experts to effectively capture the uncertainty characteris-
tics of road segments under different traffic conditions.

Efficiency Study We evaluate the average execution time
per batch, consisting of 128 samples from Chengdu and
Xi’an, for efficiency validation, as shown in Table 6. Du-
tyTTE uses a DRL method for training; during prediction,
the policy network allows for fast inferences. Given Du-
tyTTE’s good performance, we see this as a promising trade-
off between efficiency and effectiveness.

Conclusion

We introduce DutyTTE for quantifying uncertainty in OD
travel times. Using a DRL approach, we optimize path
prediction to align closely with the ground truth and en-
hance uncertainty quantification. To capture travel time un-
certainty across road segments, we propose a mixture of
experts mechanism that models the impact of segments in
complex contexts. Experiments on two datasets validate Du-
tyTTE’s effectiveness in path prediction, travel time uncer-
tainty quantification.
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