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Abstract
Travel Time Estimation (TTE) on road networks is crucial for mod-
ern location-based services. There are two main variants: Origin-
Destination TTE (ODTTE), which estimates travel time between
an origin and destination given a departure time, and Route TTE
(RTTE), which estimates travel time along a specified route. Exist-
ing approaches typically address ODTTE and RTTE separately. We
propose UNITE, a unified framework that efficiently addresses both
ODTTE and RTTE with a single training process. UNITE operates
in a progressive, segment-wise manner. We first design a Progress
State Encoder (PSE) that produces a shared state embedding cap-
turing the origin, destination, departure-time context, sequential
dependencies, and dynamic traffic conditions along the partially
generated route. Specifically, PSE constructs segment-level travel-
time histograms from historical trajectories and applies attention-
based sequence modeling. Next, we develop a Segment Travel Time
Estimator (mSTE) that leverages the shared state embedding, builds
a local spatio-temporal travel graph to capture traffic dynamics, and
employs a Mixture-of-Experts architecture to model heterogeneous
traffic patterns for segment-level travel time estimation. We further
introduce a Next Segment Prediction (NSP) module that predicts the
next segment from the outgoing neighbors of the current one based
on the shared state embedding, incorporating multi-hop look-ahead
neighborhoods. Extensive experiments on large-scale real-world
datasets demonstrate that UNITE consistently outperforms state-
of-the-art methods in both accuracy and efficiency.
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1 Introduction
Travel time estimation (TTE) aims to predict the time required
to travel between two locations and is a core primitive in spatial
data management over urban road networks. There are two main
TTE problems depending on the available input: Origin-Destination
Travel Time Estimation (ODTTE), which takes as input only the
origin 𝑜 , destination 𝑑 , and departure time 𝑡𝑜 , with the actual route
from 𝑜 to 𝑑 unknown; and Route Travel Time Estimation (RTTE),
which takes as input a full route 𝑅 of road segments from 𝑜 to 𝑑
and a departure time 𝑡𝑜 to estimate the travel time for traversing 𝑅.

Both ODTTE and RTTE are fundamental for a wide range of
applications, including navigation [19, 35], on-demand delivery [21,
33], ride-hailing dispatch [13], logistics [45], and urban planning [10,
28, 32]. The ODTTE setting is prevalent in services where only OD
pairs and departure times are available (e.g., food delivery platforms
that do not record full routes), whereas RTTE queries arise when a
route is already specified, such as pre-planned logistics routes.

Despite their closely related nature, existing studies largely in-
vestigate ODTTE [26, 27, 31, 51] and RTTE [2, 12, 17, 50] sepa-
rately. Accurate and efficient TTEs remain challenging due to com-
plex spatio-temporal dependencies and dynamic traffic conditions
over large road networks. For ODTTE, the state-of-the-art method
DOT [27] adopts a two-stage framework. First, it generates a pixe-
lated trajectory from 𝑜 to 𝑑 by treating the map as a grid of pixels
and utilizing diffusion models; second, it estimates travel time over
the generated trajectory. DOT incurs high inference latency due
to the computationally expensive diffusion operations. Moreover,
this two-stage approach decouples route generation from travel
time estimation, which however are intrinsically interrelated. Over-
looking such mutual influence may lead to suboptimal accuracy.
Meanwhile, studies like DeepOD [51] directly regress travel time
from OD inputs with auxiliary features. They do not explicitly
model underlying routes, which may overlook fine-grained pat-
terns inherent in actual trajectories for more accurate estimation.
For RTTE, it can be regarded as a special case of ODTTE where the
full route is provided, along with the OD pair and departure time.
Among [2, 12, 17, 50], the state-of-the-art RTTE method STHR [50]
uses a sequence encoder–decoder framework to model heterogene-
ity, spatio-temporal correlations, and dynamic traffic conditions
along the input route. However, RTTE methods do not need to
address route generation, and thus may miss intrinsic patterns in
route-related traffic dynamics. Besides, full routes may not always
be available in practice.
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In this paper, we propose UNITE, a UNIfied framework that si-
multaneously addresses both ODTTE and RTTE and requires only
one-time training under the ODTTE setting.UNITE estimates travel
time in a progressive, segment-wise manner, tightly coupling route
generation and travel time estimation to enable mutual refinement
at each step. Through a series of carefully designed technical com-
ponents, UNITE achieves superior accuracy for both ODTTE and
RTTE, while attaining high efficiency in training and inference.

Specifically, after converting the input ODT query 𝑞 = ⟨𝑜, 𝑑, 𝑡𝑜 ⟩
into an embedding q,UNITE begins at the origin segment 𝑜 and pro-
ceeds iteratively, segment by segment. At each current segment 𝑒𝑖 ,
it invokes three modules that jointly perform travel time estimation
and route generation. First, we develop the Progressive State Encoder
(PSE), which produces a shared latent embedding h𝑖 that encodes the
ODT context, sequential dependencies along the partially generated
route, and dynamic traffic conditions on 𝑒𝑖 as well as previously vis-
ited segments. To achieve this, we construct travel time histograms
from historical trajectories to capture segment-level traffic patterns
and integrate them with road-network structural embeddings us-
ing attention and GRU-based sequence modeling. The embedding
h𝑖 is then utilized by both the route generation and travel time
estimation components. Thus, we design a Segment Travel Time
Estimator (mSTE) that takes h𝑖 and a local spatio-temporal travel
graph centered at 𝑒𝑖 as input to estimate the segment travel time
𝜓𝑖 , which is then aggregated to obtain the overall travel time. The
travel graph integrates the spatial neighborhood of 𝑒𝑖 and multi-
slot, multi-day travel time histograms to capture both short-term
variation and periodicity. mSTE adopts a Mixture-of-Experts archi-
tecture, employing multiple lightweight experts over this graph. A
noisy Top-𝑘 gating mechanism dynamically selects the most rel-
evant experts for each segment, enabling the model to efficiently
capture heterogeneous traffic patterns. Third, we introduce a Next
Segment Prediction (NSP)module that predicts the next segment 𝑒𝑖+1
from the outgoing neighbors of 𝑒𝑖 using the progressive state h𝑖 .
For effective next-segment selection, NSP considers the structural
embedding of each candidate segment and a multi-hop look-ahead
neighborhood to capture broader connectivity and directional con-
text toward the destination. With 𝑒𝑖+1, UNITE proceeds to the next
iteration, invoking PSE, mSTE, and NSP. For RTTE,UNITE bypasses
NSP and applies PSE and mSTE along the input route.

We conduct extensive experiments on large real-world trajectory
datasets, showingUNITE consistently outperforms existing ODTTE
and RTTE methods in both accuracy and efficiency. For example,
on XA dataset, UNITE answers 1,000 ODTTE queries in just 0.44
seconds–over 100× faster than the next-best competitor, which
takes more than 45 seconds. To sum up, our contributions are:
• We propose UNITE, a unified framework that addresses both
ODTTE and RTTE via progressive segment-wise inference, re-
quiring only one-time training.
• We design PSE to generate a shared state embedding that cap-
tures sequential dependencies and dynamic traffic conditions,
integrating historical travel time histograms.
• We develop mSTE, a segment travel time estimator with noisy
Top-𝑘 gating and local spatio-temporal graphs to model hetero-
geneous traffic, and introduce NSP for next-segment prediction.
• Extensive experiments demonstrate that UNITE consistently out-
performs existing methods in both accuracy and efficiency.

2 Preliminaries
Road Network.We model a road network as a directed graph𝐺 =

(𝑉 , 𝐸), where𝑉 is the set of intersections and 𝐸 is the set of directed
edges (road segments). Let 𝑛 = |𝐸 | and𝑚 = |𝑉 | denote the number
of segments and intersections, respectively. For a segment 𝑒𝑖 , let
𝑁𝑂 (𝑒𝑖 ) be the set of its out-going adjacent segments. We treat road
segments as basic analysis units and formalize their connectivity
via conjugate graph of road network: each node is a segment 𝑒𝑖 ∈ 𝐸,
and there is a directed edge from 𝑒𝑖 to 𝑒 𝑗 iff 𝑒 𝑗 ∈ 𝑁𝑂 (𝑒𝑖 ). This graph
has node set 𝐸 and encodes segment adjacency.
Trajectory and Route. A raw trajectory 𝑇 is a sequence of GPS
points, each denoted by 𝑝𝑖 = (lat, lng, 𝑡), where (lat, lng) are geo-
graphic coordinates and 𝑡 is the timestamp. We focus on trajectories
on a road network, i.e., each GPS point is associated with a road
segment. We apply a standard map-matching algorithm [49], widely
used in trajectory analytics [19, 42], to project raw trajectories onto
the road network. After map-matching, a trajectory𝑇 is represented
as a route 𝑅 = ⟨𝑒1, 𝑒2, . . . , 𝑒ℓ ⟩ from origin segment 𝑜 = 𝑒1 to des-
tination segment 𝑑 = 𝑒ℓ , with departure time 𝑡𝑜 and arrival time
𝑡𝑑 ; the total travel time is Φ∗ = 𝑡𝑑 − 𝑡𝑜 . For each segment 𝑒𝑖 in 𝑅,
we derive its travel time 𝜓𝑖 from the entry and exit timestamps
obtained via map-matching, such that the traveled segments do not
overlap temporally. In the following, we use the term trajectory to
refer to such map-matched trajectories unless otherwise specified.
Time Slot. To model periodic traffic patterns, we discretize time
into fixed-length slots of duration 𝛿 . A day has 86400 seconds and
thus 86400

𝛿
slots; a week has 7 × 86400

𝛿
slots. Given a timestamp 𝑡 ,

we extract its weekday 𝑤 , hour ℎ, minute 𝑚, and second 𝑠 , and
compute its weekly time-slot id as 𝜆 = 86400

𝛿
×𝑤 +

⌊ 3600ℎ+60𝑚+𝑠
𝛿

⌋
.

In this paper, we study two closely related TTE problems:
ODTTE. Given historical trajectory data D on a road network 𝐺 ,
the ODT Travel Time Estimation (ODTTE) problem takes as input
an origin segment 𝑜 , a destination segment 𝑑 , and a departure time
𝑡𝑜—that is, an ODT query 𝑞 = ⟨𝑜, 𝑑, 𝑡𝑜 ⟩—and aims to estimate the
travel time Φ from 𝑜 to 𝑑 when departing at 𝑡𝑜 .
RTTE. Given D on 𝐺 , the Route Travel Time Estimation (RTTE)
problem takes as input a route 𝑅 from origin to destination and a
departure time 𝑡𝑜—i.e., a route-time query 𝑞𝑅 = (𝑅, 𝑡𝑜 )—and aims
to estimate the travel time Φ for traversing 𝑅 when departing at 𝑡𝑜 .

RTTE is a special case of ODTTE where the route 𝑅 is given; the
origin 𝑜 and destination 𝑑 are the first and last segments of 𝑅, so
the input (𝑅, 𝑡𝑜 ) implicitly defines the ODT tuple ⟨𝑜, 𝑑, 𝑡𝑜 ⟩.

3 Related Work
ODT Travel Time Estimation. Existing methods leverage histori-
cal trajectories for ODTTE [26, 27, 31, 40, 41, 51]. Early approaches,
e.g., [40], simply average historical travel times. More recent stud-
ies [26, 41, 51] capture complex spatio-temporal patterns to improve
accuracy. MURAT [26] adopts multitask learning to jointly predict
travel distance and time. DeepOD [51] learns OD–time embeddings
and aligns them with trajectory embeddings via an auxiliary loss.
However, these methods estimate travel time directly from OD-
level features without explicitly modeling the underlying routes,
thus missing fine-grained segment-level spatio-temporal patterns.
The state-of-the-art method is DOT [27], which adopts a two-stage
framework over pixelated trajectories (PiT) on a grid-based map: a
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diffusion model first generates PiT conditioned on OD pairs, and a
Masked Vision Transformer (MViT) [5] then estimates travel time
from the generated PiT. DutyTTE [31] follows the same two-stage
paradigm, but uses a reinforcement-learning policy to infer routes
for ODT queries before predicting travel time on the inferred routes.
The two-stage frameworks in [27, 31] decouple route generation
from travel time estimation, thereby ignoring their mutual depen-
dence, and require training separate models for two stages.
Route Travel Time Estimation. RTTE has been extensively stud-
ied [2, 8, 11, 12, 17, 38, 44, 50, 52]. The state-of-the-art STHR [50]
uses a sequence encoder–decoder architecture to jointly model link
heterogeneity, spatial proximity, periodicity, and dynamic traffic
from historical trajectories. Earlier regression [18] and decomposi-
tion [43] methods have been surpassed by deep models that view a
route as a segment sequence and use recurrent networks [3, 16] to
capture spatio-temporal dependencies [11, 25, 39, 44, 46, 48], some-
times with auxiliary tasks to further improve accuracy [8, 12, 47].
HetETA [17] models the road network as a multi-relational graph
using temporal and graph convolutions, while HierETA [2] lever-
ages multi-view trajectory representations with hierarchical self-
attention tomodel local traffic and trajectory structure. Other works
instead predict the travel time of the remaining route given a par-
tially traversed path [6, 7, 52]. Existing RTTE methods assume
the full route is given, which is often unrealistic at query time.
To our knowledge, UNITE is the first unified model that supports
both ODTTE and RTTE, enabling efficient and accurate travel time
estimation in both settings.
Route Planning. For ODTTE, a common way is to first generate
a route using route-planning algorithms, then estimate its travel
time, e.g., by aggregating segment times or applying an RTTEmodel.
Classical methods treat it as a shortest-path problem, minimizing a
hand-crafted cost via Dijkstra [20], A* [22], and variants [4, 29, 30].
However, such costs are hard to calibrate and the generated routes
often deviate from those actually taken. Recent learning-based
methods, e.g., NMLR [19] and DRPK [35], leverage graph neural
architectures [24] and problem decompositions to learn transition
probabilities and perform greedy or destination-driven route search.
Yet these two-step pipelines remain suboptimal in our experiments.
In contrast, UNITE jointly models route generation and travel time
estimation at the segment level within a single framework, yielding
higher accuracy for both ODTTE and RTTE queries.

4 The UNITE Method
UNITE is a unified framework trained once under the ODTTE
setting and reused at inference time for both ODTTE and RTTE.
Unlike priormethods that decouple route generation and travel time
estimation into separate models and predict a scalar for the entire
route, UNITE performs progressive, segment-wise inference: at
each step, it jointly estimates segment-level travel time and selects
next segment, tightly coupling and reinforcing the two tasks.

As shown in Figure 1, given a query ⟨𝑜, 𝑑, 𝑡𝑜 ⟩,UNITE first encodes
it into an ODT embedding q. Starting from 𝑜 , UNITE proceeds
segment by segment. At step 𝑖 for the current segment 𝑒𝑖 , UNITE
invokes three modules: (i) the Progressive State Encoder (PSE)
updates the current state embedding h𝑖 by combining q with the
spatio-temporal context of all previously visited segments; (ii) the

Segment Travel Time Estimator (mSTE) predicts the travel time 𝜙𝑖
for 𝑒𝑖 using h𝑖 , q, and the spatio-temporal traffic context around
𝑒𝑖 via a Mixture-of-Experts structure; and (iii) the Next Segment
Prediction (NSP) module selects the next segment 𝑒𝑖+1 from the
out-going neighbors of 𝑒𝑖 based on h𝑖 and historical traffic patterns.
With 𝑒𝑖+1 as the current segment, UNITE iterates until reaching
the destination. The overall travel time is obtained by summing
the segment-level predictions, Φ =

∑
𝑖 𝜙𝑖 . For RTTE, the route 𝑅 is

given and NSP is bypassed, while PSE and mSTE are applied along
the given route in the same way. UNITE is trained end-to-end by
jointly optimizing two objectives: a regression loss for segment-
level travel time prediction, and a binary cross-entropy loss for next
segment prediction.

4.1 ODT Encoding
We encode the origin 𝑜 , destination 𝑑 , and departure time 𝑡𝑜 into a
query embedding vector q, which captures the spatial context of 𝑜
and 𝑑 in the road network 𝐺 and the temporal features of 𝑡𝑜 .

To encode 𝑜 and 𝑑 , we first obtain pre-trained structural embed-
dings W𝐺 ∈ R𝑛×𝑑0 using Node2Vec [15] on the conjugate graph
of 𝐺 , where nodes represent segments. We then use two learnable
matrices W𝑜 and W𝑑 for origin and destination, both initialized
with W𝐺 , and compute

e𝑜 = 1⊤𝑜W
𝑜 , e𝑑 = 1⊤𝑑W

𝑑 , (1)

where 1𝑜 , 1𝑑 are one-hot vectors.
Regarding the departure time 𝑡𝑜 , treating it as a scalar fails to

capture complex periodic patterns. We thus model 𝑡𝑜 using both
discrete hierarchical semantics and continuous cyclic features. First,
we decompose 𝑡𝑜 into four discrete components: weekday 1𝑤 ∈
{0, 1}7, hour 1ℎ ∈ {0, 1}24, minute 1𝑚 ∈ {0, 1}60, and second 1𝑠 ∈
{0, 1}60. These one-hot vectors are projected into dense embeddings:

t𝑤 = 1⊤𝑤W
𝑤 , tℎ = 1⊤ℎW

ℎ, t𝑚 = 1⊤𝑚W𝑚, t𝑠 = 1⊤𝑠 W
𝑠 , (2)

where W𝑤 ∈ R7×𝑑0 ,Wℎ ∈ R24×𝑑0 , and W𝑚,W𝑠 ∈ R60×𝑑0 .
Then, we adopt a continuous cyclic embedding t𝑐𝑦𝑐 using trigono-

metric functions, inspired by [9, 37]. Instead of fixed periods, we pa-
rameterize the embeddingwith learnable frequencies [𝜔1, . . . , 𝜔𝑑0/2]
and phase shifts [𝜑1, . . . , 𝜑𝑑0/2] to flexibly capture multi-scale peri-
odicities. The 𝑑0-dimensional cyclic embedding is:

t𝑐𝑦𝑐 (𝑡𝑜 ) =[sin(𝜔1𝑡𝑜 + 𝜑1 ), cos(𝜔1𝑡𝑜 + 𝜑1 ), . . . ,
sin(𝜔𝑑0/2𝑡𝑜 + 𝜑𝑑0/2 ), cos(𝜔𝑑0/2𝑡𝑜 + 𝜑𝑑0/2 ) ]

(3)

where sine and cosine functions capture cyclic periodic patterns.
We aggregate the discrete and continuous components to yield

the departure time embedding t𝑜 = t𝑤 + tℎ + t𝑚 + t𝑠 + t𝑐𝑦𝑐 . Lastly,
we concatenate the origin, destination, and temporal embeddings,
projecting them into the final query representation q via a two-layer
Multi-Layer Perceptron (MLP) with ReLU activation [14]:

q =𝑀𝐿𝑃𝑞 (concat(e𝑜 , e𝑑 , t𝑜 ) ) . (4)

4.2 Progressive State Encoding (PSE)
As mentioned, UNITE performs progressive, segment-wise infer-
ence: at step 𝑖 on the current segment 𝑒𝑖 , it uses mSTE (Section 4.3)
to estimate the segment travel time 𝜙𝑖 and NSP (Section 4.4) to
predict the next segment 𝑒𝑖+1. Both modules share the state repre-
sentation h𝑖 produced by PSE.
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Figure 1: The UNITEMethod

Intuitively, h� should capture (i) the sequential dependencies
along the path from � to �� , (ii) the dynamic traffic context of �� from
historical trajectories, and (iii) the influence of traffic patterns from
previously visited segments, as traffic exhibits strong correlations
and propagation effects. For the first aspect, we employ a GRU [3]
to model sequential dependencies, initializing h0 = q to incorporate
the ODT query context. At each step � , the GRU updates h� based
on the previous state h�−1 and a current segment representation
g� for �� . The construction of g� is critical, as it preserves the latter
two aspects, which we address as follows. Specifically, we construct
a composite embedding g� for segment �� that integrates (i) the
topological structure of �� in the road network, (ii) dynamic traffic
patterns on �� conditioned on �� via a travel time histogram, and
(iii) long-range traffic influence from previously visited segments
via multi-head attention. This embedding g� , together with h�−1, is
fed into the GRU to produce the updated state h� .

First, we encode segment �� into e′� following Eq. (1). We project
the one-hot vector 1�� via W� ∈ R�×�0 initialized with W� as
follows.W� is shared by all visited segments in the predicted route.

e′� = 1���W
� . (5)

Next, we capture the dynamic traffic patterns for segment �� at
its corresponding time slot �, which is determined by the departure
time �� and the cumulative travel time up to segment �� , i.e.,

∑�−1
�=1 � � .

Specifically, we construct a travel time histogram Ψ�� ,� for �� in the
time slot �, which summarizes the empirical distribution of travel
times on �� during that slot. This histogram is then concatenated
with e′� to form the enriched segment embedding e� .

The travel time histogram Ψ�� ,� is constructed as follows. For a
given segment �� and the time slot �, we first retrieve all trajectories
from D that traverse segment �� within the time slot � and extract
the corresponding multiset of observed travel times (in seconds),
denoted as � . For (�� , �) pairs with few observations, we average
over its spatial neighbors and adjacent time slots to impute missing
values. If these are insufficient, we extend to 3-hop neighbors and 3-
hop time slots. To characterize the traffic distribution, we compute
the frequency of each unique travel time in � and identify the top-�
most frequent values. Formally, the travel time histogram vector
is defined as Ψ�� ,� = [� 1

� , �1, . . . ,�
�
� , �� ,mean(�)], where� �

�
and � �

represent the �-th most frequent travel time and its normalized
frequency on segment �� , and mean(�) denotes the average travel
time. For the �-th most frequent travel time, if multiple travel times
share the same frequency, we break ties by selecting the value
closest to the most frequent travel time. If all frequencies are equal,
we select the travel time closest to the median of all travel times
of all trajectories over �� sorted in ascending order, to build the
histogram. We set � = 5 by default. The ratio of pairs with � < 5
distinct travel times in training is 18.8% for CD, 19.3% for XA, and
37.2% for HRB, showing UNITE can handle diverse data sparsity.
Intuitively, the travel time histogram Ψ�� ,� captures the empirical
distribution of travel times on �� during the specified time slot.

Then we obtain the segment embedding e� by integrating the
spatial embedding e′� (Eq. (5)) with the travel time histogram Ψ�� ,� .
Specifically, we concatenate these vectors and project them through
a two-layer MLP to capture non-linear interactions between topo-
logical structure and traffic dynamics, as shown in Eq. (6).

e� =���� (concat(e′� ,Ψ�� ,� ) ) (6)

To capture the long-range influence of traffic patterns from pre-
viously visited segments on �� , we employ a multi-head attention
mechanism (MHAttn) that integrates the traffic contexts from all
preceding segments to form a context vector a� for �� . Specifically,
we utilize e� as the query, and the sequence of embeddings from
all preceding segments, denoted as X� = stack[e1, ..., e�−1], as both
keys and values. The resulting context vector a� is computed as:

a� =MHAttn(e� ,X� ,X� ), (7)

With e� capturing the dynamic traffic context and topological
features of segment �� , and a� integrating the impact of traffic pat-
terns from all previously visited segments, we proceed to construct
the composite embedding g� . Specifically, we concatenate these
two representations and project them through an MLP to yield
the composite embedding vector g� , as formalized in Eq. (8). This
vector g� thus encapsulates both the intrinsic spatio-temporal at-
tributes of the current segment �� and the relevant historical context
aggregated from the route traversed so far.

g� =���� (concat(e� , a� ) ) (8)
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Figure 2: Graph Snapshot ��,� and Travel Graph G� .

Finally, at each step � , we employ a GRU to update the hidden
state h� for the current segment �� , taking the composite embedding
g� and the previous state h�−1 as inputs. The recurrence is initialized
with the query embedding q to ensure that the global ODT context
informs the entire sequence:

h0 = q, h� =��� (h�−1, g� ) . (9)

PSE generates a comprehensive state representation h� that inte-
grates the static topology of the road network, the dynamic traffic
patterns on �� conditioned on the departure time �� , and the se-
quential dependencies accumulated along the traversed route. This
embedding h� serves as the basis for subsequent joint tasks of
segment-level travel time estimation and next segment prediction.

4.3 Segment Travel Time Estimation (mSTE)
With the progressive state h� available, we address the regression
task of estimating the travel time �� for the current segment �� .
This is challenging due to heterogeneous traffic conditions arising
from complex road topology and dynamic, time-varying patterns.
A single regressor cannot capture such diversity.

To model these patterns, we propose the Segment Travel Time
Estimator (mSTE), which adopts a Mixture-of-Experts architecture.
mSTE aggregates multiple Segment Travel Time Experts (STEs),
each trained to predict travel time for a segment. A noisy Top-�
gating mechanism dynamically selects and combines the most rele-
vant STEs for the current context. Crucially, each STE leverages the
spatio-temporal traffic context around �� , as travel time depends
on historical traffic states of �� and its spatial neighbors across rel-
evant time slots (including recent and periodic slots). To capture
these dependencies, we construct a travel graph G� centered at �� ,
which encodes both spatial structure and temporal traffic distribu-
tions, as illustrated in Figure 2. We next detail a single STE and the
construction of G� , followed by the complete mSTE module.
A Single Segment Travel Time Expert (STE). Formally, an STE
� is a regression model that predicts the travel time �� for a target
segment �� . The prediction integrates three complementary con-
texts: (i) the global query embedding q from the ODT input; (ii) the
sequential trajectory context h� produced by the PSE; and (iii) the
spatio-temporal traffic context specific to �� .

To capture the traffic context, we explicitly construct an offline
travel graph G� centered at �� . Since real-world road networks are
generally stable, we preprocess these graphs for efficient retrieval
during inference. The offline construction proceeds in three steps.
First, we create a graph snapshot ��,� centered at �� for its corre-
sponding time slot �, adopting a star topology that includes �� and
its immediate neighbors, with each node annotated by its travel
time histogram Ψ�,� as described in Section 4.2. Second, to model

temporal evolution, we generate such snapshots for a set of rele-
vant time slots Λ around �, capturing both short-term variations
and daily periodicity. Third, we integrate these snapshots into the
travel graph G� by adding inter-slot edges that link corresponding
segments across time slots. An example is shown in Figure 2.

Specifically, for segment �� at time slot �, we first retrieve its
immediate in-going and out-going adjacent segments from the
road network � , forming a star graph centered at �� with these
segments as nodes. For example, in Figure 2a, segment �1 has in-
going adjacent segments {�2, �3} and out-going adjacent segments
{�4, �5}. For each segment � in this star graph, we construct its
travel time histogram Ψ�,� . This yields the graph snapshot ��,� for
segment �� at time slot �, capturing both the spatial context and
traffic patterns at that time. In Figure 2a, each segment is annotated
with its travel time histogram for time slot �.

Traffic patterns on a segment often exhibit similarity across adja-
cent time slots and daily periodicity. To incorporate these temporal
dynamics, we extend the single snapshot across a set of relevant
time slots Λ. Let � be the window size. We define Λ to include the
short-term window [�−�, �+�] within the same day, as well as the
corresponding windows from the previous and subsequent days.
Thus, Λ contains 3(2� + 1) time slots in total. For each time slot
� ∈ Λ, we create a graph snapshot ��,� mirroring the star structure
of ��,� , where nodes are annotated with the travel time histograms
Ψ�,� for that specific time slot. For example, in Figure 2b, for seg-
ment �1 with � = 1, we illustrate its travel graph G� as a sequence
of graph snapshots ��,� for the time slots in Λ.

Finally, we integrate these snapshots into a unified travel graph
G� by introducing inter-slot edges to model temporal dependencies.
Specifically, we construct two types of edges: (i) Temporal Smooth-
ness edges, which connect corresponding segments in adjacent
time slots (� � and � �+1) to capture short-term traffic evolution; and
(ii) Periodicity edges, which link the same time slot across consecu-
tive days (� � and � �±� , where � is the number of slots per day) to
encode daily recurrent patterns. As a result, G� provides a holistic
representation of traffic dynamics, enabling the model to jointly
reason over spatial topology and multi-scale temporal variations.

Given the travel graph G� , each STE employs a Graph Attention
Network (GAT) [36] to encode the spatio-temporal traffic context
into a latent representation u� for the central segment �� . To align
the feature spaces of the query embedding q and the hidden state
h� with the context u� , we use fully connected (FC) layers to project
q and h� into q′ and r� , respectively. These representations are
concatenated to integrate global, sequential, and local contexts, and
then fed into an MLP to predict the scalar travel time. The inference
process of an STE � (q, h� ,G� ) is formalized as:

u� =��
 (G� ), q′ = ��� (q), r� = ��� (h� ),

� =���� (concat(q′, r� , u� ) ),

(10)

where 
�	 and 
�� denote the FC layers, and �
	
 outputs the
predicted travel time �� ∈ R.
MoE-based STE (mSTE). We now present the complete mSTE
module with Mixture-of-Experts (MoE) [34] on multiple STEs to
model diverse spatio-temporal traffic patterns for travel time estima-
tion. This design enables adaptive expert selection for each segment
and context, improving accuracy and robustness. The mSTEmodule
comprises � STEs {� � }��=1 and a gating network � that determines
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the contribution of each STE for segment 𝑒𝑖 . Given h𝑖 , 𝛼 computes a
probability distribution over the STEs, where 𝛼 (h𝑖 ) [ 𝑗] is the gating
weight for STE 𝑆 𝑗 . As shown in (11), the estimated travel time 𝜙𝑖
for 𝑒𝑖 by mSTE is computed as a weighted sum of the predictions
from the STEs in Eq. (10):

𝜙𝑖 =

𝐾∑︁
𝑗=1
𝛼 (h𝑖 ) [ 𝑗 ] · 𝑆 𝑗 (q, h𝑖 , G𝑖 ) (11)

A key challenge in designing the gating network 𝛼 is to ensure
that STE expert selection is efficient and diverse, avoiding the pitfall
of expert collapse, where only a few STEs dominate the predictions.
Thus, we adopt a noisy Top-𝑘 Gating mechanism that enforces
sparsity and promotes balanced expert utilization.

Given the state h𝑖 , the gating network computes a weight vector
𝛼 (h𝑖 ) ∈ R𝐾 to aggregate the outputs of the 𝐾 experts. Unlike
standard softmax gating—which requires evaluating all experts
and often leads to redundancy and collapse—we introduce two key
modifications: (i) sparsity, by activating only the top-𝑘 experts for
each input, and (ii) stochasticity, by injecting noise during training
to encourage exploration and load balancing.

Specifically, h𝑖 is projected through two linear FC layers to pro-
duce a base logit vector zbase and a noise scaling vector znoise. The
final logits z are computed by adding scaled Gaussian noise to zbase,
where the scaling is determined by znoise. The Top-𝑘 operator then
retains only the 𝑘 largest values in z, masking the rest with −∞
before applying softmax. This process is formalized as:

zbase = 𝐹𝐶𝑏𝑎𝑠𝑒 (h𝑖 ), znoise = 𝐹𝐶𝑛𝑜𝑖𝑠𝑒 (h𝑖 ),
z = zbase + N(0, 1) · log(1 + 𝑒znoise ),
𝛼 (h𝑖 ) = Softmax(Topk(z, 𝑘 ) ),

(12)

where 𝐹𝐶𝑏𝑎𝑠𝑒 and 𝐹𝐶𝑛𝑜𝑖𝑠𝑒 are FC layers, N(0, 1) denotes standard
Gaussian noise, and 𝑘 controls the number of active experts.

4.4 Next Segment Prediction (NSP)
For ODTTE queries, at each step for the current segment 𝑒𝑖 , UNITE
jointly performs two tasks: estimating the segment travel time 𝜙𝑖
and selecting the next segment 𝑒𝑖+1 to extend the route. The NSP
module utilizes the progressive state h𝑖 generated by the PSE, which
encodes the accumulated spatio-temporal and structural context
up to 𝑒𝑖 , as well as traffic patterns.

Given the current segment 𝑒𝑖 , NSP determines the next segment
𝑒𝑖+1 by evaluating the set of out-going neighbors 𝑁𝑂 (𝑒𝑖 ) in the road
network 𝐺 . This selection is non-trivial since multiple neighbors
may offer plausible paths to the destination.

We formulate NSP as a binary classification task over 𝑁𝑂 (𝑒𝑖 ).
For each candidate 𝑐 𝑗 ∈ 𝑁𝑂 (𝑒𝑖 ), the model estimates a transition
probability 𝑃 (𝑐 𝑗 |𝑒𝑖 ), representing the likelihood of 𝑐 𝑗 being the true
successor. During inference, the candidate maximizing this proba-
bility is selected as 𝑒𝑖+1. Formally, 𝑃 (𝑐 𝑗 |𝑒𝑖 ) is derived by modeling
the compatibility between the current progressive state h𝑖 and a
comprehensive representation of the candidate, denoted as c𝑗 .

To effectively guide routing, c𝑗 must capture more than the im-
mediate spatial identity of 𝑐 𝑗 ; it requires a look-ahead capability
over the downstream topology to assess potential progress toward
the destination. Consequently, we construct c𝑗 by integrating the
candidate’s intrinsic structural features with a context-aware rep-
resentation of its multi-hop outgoing neighborhood.

First, similar to Section 4.1, we derive a structural embedding
e𝑐 𝑗 for the candidate segment 𝑐 𝑗 by projecting its one-hot vector
1𝑐 𝑗 through a learnable matrix WC ∈ R𝑛×𝑑0 , initialized with W𝐺

to capture topological properties:
e𝑐 𝑗 = 1𝑐 𝑗W

C . (13)

Next, we extract a multi-hop look-ahead neighborhood 𝑁𝐿 (𝑐 𝑗 )
for candidate segment 𝑐 𝑗 , which captures downstream segments
likely to contribute to progress toward the destination. To construct
𝑁𝐿 (𝑐 𝑗 ), we traverse outgoing segments from 𝑐 𝑗 up to three hops.
For each segment 𝑒𝑘 reachable within three hops, we evaluate its
directional relevance to the destination 𝑑 by computing the angle
between the vector of 𝑒𝑘 and the vector from the exit of 𝑐 𝑗 to the
entrance of 𝑑 . If this angle is less than 135◦, 𝑒𝑘 is included in 𝑁𝐿 (𝑐 𝑗 ).
This directional filtering ensures that only segments plausibly con-
tributing to progress toward the destination are retained in 𝑁𝐿 (𝑐 𝑗 ).
Each segment 𝑒𝑘 in 𝑁𝐿 (𝑐 𝑗 ) is embedded into a dense vector e𝑘 via
a projection matrix W𝐿 ∈ R𝑛×𝑑0 , initialized with W𝐺 :

e𝑘 = 1𝑒𝑘W
𝐿, ∀𝑒𝑘 ∈ 𝑁𝐿 (𝑐 𝑗 ) . (14)

To synthesize these neighbor representations into a coherent
vector f𝑐 𝑗 , we employ the Multi-Head Attention mechanism. We
use the candidate’s intrinsic embedding e𝑐 𝑗 as the query to attend
over the stacked embeddings X𝑁𝐿 (𝑐 𝑗 ) = stack[e𝑘 ]𝑒𝑘 ∈𝑁𝐿 (𝑐 𝑗 ) , which
serve as both keys and values. This attention-based aggregation
dynamically highlights the downstream segments most relevant to
the candidate, yielding the context vector f𝑐 𝑗 :

f𝑐 𝑗 =MHAttn(e𝑐 𝑗 ,X𝑁𝐿 (𝑐 𝑗 ) ,X𝑁𝐿 (𝑐 𝑗 ) ) . (15)

We obtain the representation c𝑗 for candidate 𝑐 𝑗 by integrating
its embedding e𝑐 𝑗 with the look-ahead context f𝑐 𝑗 via an MLP:

c𝑗 =𝑀𝐿𝑃𝑐 (concat(e𝑐 𝑗 , f𝑐 𝑗 ) ) . (16)

To determine the likelihood of traversing 𝑐 𝑗 next, we model
the interaction between the current trajectory state h𝑖 (capturing
historical context) and the candidate representation c𝑗 (capturing
future structural context). Specifically, we concatenate h𝑖 and c𝑗
and pass the result through a scoring MLP followed by a sigmoid
activation to compute the transition probability 𝑃 (𝑐 𝑗 |𝑒𝑖 ):

𝑃 (𝑐 𝑗 |𝑒𝑖 ) = sigmoid(𝑀𝐿𝑃 (concat(c𝑗 , h𝑖 ) ) ) . (17)

During online inference, the next segment 𝑒𝑖+1 is selected greed-
ily by identifying the candidate in outgoing neighbors 𝑁𝑂 (𝑒𝑖 ) with
the highest transition probability 𝑒𝑖+1 = argmax𝑐 𝑗 ∈𝑁𝑂 (𝑒𝑖 ) 𝑃 (𝑐 𝑗 |𝑒𝑖 ).

4.5 Objective Function
UNITE is trained end-to-end by jointly optimizing two objectives:
(i) a regression loss for segment-level travel time prediction (mSTE)
in Section 4.3 , and (ii) a binary cross-entropy loss for next segment
prediction (NSP) in Section 4.4.

For mSTE, we use the Mean Squared Error (MSE) loss. Given
a training 𝑇 with ground-truth route 𝑅, where each segment 𝑒𝑖 ∈
𝑅 has ground-truth travel time 𝜓𝑖 , the regression loss in Eq. (18)
is the sum of squared differences between the predicted travel
time 𝜙𝑖 (Eq. (11)) and the ground truth𝜓𝑖 for each segment 𝑒𝑖 .

𝐿mSTE (𝑇 ) =
∑|𝑅 |
𝑖=1 (𝜙𝑖 −𝜓𝑖 )2 (18)

For NSP, we treat the route generation as a sequence of binary
classification problems. For each step 𝑖 (where 𝑖 < |𝑅 |), the NSP
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module aims to predict the true next segment 𝑒𝑖+1 from the set of
out-going neighbors 𝑁𝑂 (𝑒𝑖 ). Let 𝑦𝑐 ∈ {0, 1} be the ground-truth
label for a candidate 𝑐 ∈ 𝑁𝑂 (𝑒𝑖 ), where 𝑦𝑐 = 1 if 𝑐 is indeed the 𝑒𝑖+1
segment in 𝑅 and 0 otherwise. The classification loss is the sum of
binary cross-entropy losses over all steps in the route:

𝐿NSP (𝑇 ) = −
|𝑅 |−1∑︁
𝑖=1

∑︁
𝑐∈𝑁𝑂 (𝑒𝑖 )

[𝑦𝑐 log𝑃 (𝑐 |𝑒𝑖 ) + (1 − 𝑦𝑐 ) log(1 − 𝑃 (𝑐 |𝑒𝑖 ) ) ]

(19)
The objective for a trajectory 𝑇 linearly combines these losses:

L(𝑇 ;Θ) = 𝐿mSTE (𝑇 ) + 𝐿NSP (𝑇 ) (20)

The detailed processes of offline training and online inference
are presented in Appendix § A.1 and § A.2, respectively.

5 Experiments
All experiments are conducted on a Linux machine powered by
Intel Xeon® Gold 6226R 2.90GHz CPU and NVIDIA GTX 3090 GPU
with 24GB video memory. Our methods are implemented in Python
3.12 with PyTorch 2.4. Source codes of all competitors are obtained
from the respective papers in Python. Our implementation is at
https://github.com/derekwtian/UNITE.

5.1 Experimental Setup
Datasets. We conduct experiments on three real-world trajec-
tory datasets collected from the road networks of Chengdu (CD),
Xi’an (XA) [1], and Harbin (HRB) [25]. The statistical information
of all datasets is summarized in Table 1. The CD and XA datasets
contain millions of trajectories from DiDi ride-sharing, while HRB
consists of taxi trajectories. For each raw trajectory of GPS points,
we apply map-matching [49] to align them with road segments,
thereby obtaining the corresponding routes and travel times. Table 1
also reports the average length and travel time of trajectories, as
well as the number of segments and intersections in the respective
road networks. For each dataset, we sort all trajectories by their
departure time, and then split them into training, validation, and
test sets with ratios of 40%, 30%, and 30%, respectively. We use the
training set for model learning, the validation set for parameter
tuning, and the testing set for performance evaluation. We also
conduct experiments varying the training data size to assess the
data efficiency of different methods.
Competitors. For ODTTE, we use: (i) five native ODTTE meth-
ods: DOT [27], DeepOD [51], DutyTTE [31], MURAT [26], and
TEMP [40]; (ii) two adapted RTTE methods, STHR [50] and WD-
DRA [12], where we first generate a route using NMLR [19] and
then estimate its travel time; and (iii) a routing-based baseline,
Dijkstra, which finds the fastest route and sums the historical aver-
age segment travel times. For RTTE, we use: (i) four native RTTE
methods: STHR [50], HierETA [2], HetETA [17], and WDDRA [12];
(ii) two adapted ODTTE methods, DOT and DutyTTE, where their
travel time estimation modules are applied on input routes; and
(iii) baseline HA that sums the historical average travel times of all
segments on each route.
Implementations.We set the embedding dimension 𝑑0 = 64 for
Eq.(1), (2), (5), and (13). For the MLPs in Eq.(4), (6), (8), (10), and (16),
the hidden dimension is 256 and the output dimension is 128. The
number of STEs in mSTE is set to 8, with 𝑘 = 4 activated per

Table 1: Dataset Statistics

Chengdu
(CD)

Xi’an
(XA)

Harbin
(HRB)

# of trajectories 2,382,422 1,426,950 496,288
Avg length (m) 1,825.41 2,449.27 4030.13

Avg travel time (𝑠) 850.17 1,092.02 1482.36

Time period 2016/10/1-
2016/10/31

2016/10/1-
2016/10/31

2015/1/3-
2015/1/7

# of segments 9,255 5,699 11,644
# of intersections 3,973 2,579 4,917

inference. The time slot size 𝛿 is set to 900s. Thewindow size 𝑝 in the
travel graph G𝑖 is set to 2, covering half an hour. We stack two GRU
layers in Eq.(9), and use four heads for MHAttn in Eq.(7) and (15) in
PSE and NSP, respectively.UNITE applies the teaching force ratio to
balance the use of ground-truth and predicted segments and travel
times during training, which is initialized as 1.0 and reduced by 0.1
per epoch. The learning rate and batch size for training UNITE
are set to 1e-3 and 512, respectively. For all competitors, we follow
their recommended settings for parameter tuning. All methods are
trained until convergence.
Evaluation Metrics. For effectiveness, we adopt the same met-
rics as in [27, 50] for ODTTE and RTTE, including Mean Square
Error (MSE), Mean Absolute Error (MAE), and Mean Absolute Per-
centage Error (MAPE). Given the ground-truth travel time Φ∗ of a
trajectory 𝑇 with predicted travel time Φ, the metrics are defined
as follows: MSE(Φ,Φ∗) = 1

|D |
∑
∀𝑇 ∈D (Φ − Φ∗)2, MAE(Φ,Φ∗) =

1
|D |

∑
∀𝑇 ∈D |Φ − Φ∗ |, and MAPE(Φ,Φ∗) = 1

|D |
∑
∀𝑇 ∈D | Φ−Φ

∗
Φ∗ |. The

lower the values of these metrics, the better the performance. For
efficiency, we measure the inference time to estimate the travel
time of 1,000 queries and the training time per epoch.

5.2 Effectiveness Evaluation
ODTTE Effectiveness. Table 2 reports the MSE, MAE, and MAPE
of all methods across all datasets for ODTTE. Our UNITE consis-
tently achieves the best performance on all datasets and evaluation
metrics, outperforming all existing methods by a substantial margin.
This includes both native ODTTE methods, adapted RTTE methods
utilizing route planning (e.g., STHR), and routing baselines based
on historical statistics (e.g., Dijkstra). For example, on XA, UNITE
achieves an MSE of 12.44, while the best competitor, DOT, reports
18.40, yielding an absolute improvement of 5.96 (32.39% relative
improvement). These results validate the effectiveness of our tech-
nical designs in achieving accurate travel time estimation when
only the origin, destination, and departure time are available.
RTTEEffectiveness. For RTTE, Table 3 reports theMSE,MAE, and
MAPE.UNITE consistently achieves the best performance across all
datasets and metrics. For example, on CD, UNITE achieves an MSE
of 3.15, significantly lower than the best competitor STHR (5.19),
yielding an absolute improvement of 2.04. Notably, the improve-
ments of UNITE are even more pronounced on XA and HRB. These
results demonstrate the effectiveness of UNITE in accurately esti-
mating travel times when complete route information is provided.
Importantly, UNITE is trained only once under the ODTTE setting,
yet it is capable of handling both ODTTE and RTTE settings during
online inference. This validates our unified design, where training

https://github.com/derekwtian/UNITE
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Table 2: Overall Effectiveness of ODTTE. LowerMSE, MAE (inminutes), andMAPE (in percentage %) indicate better performance.
The best result is in bold and the second best is underlined.

CD XA HRB
Methods MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE
Dijkstra 15.42 2.60 27.73 33.44 3.71 29.31 31.92 4.01 35.35
WDDRA 8.53 1.87 23.91 21.62 2.87 27.28 29.05 3.62 33.25
STHR 6.61 1.64 22.20 18.58 2.68 26.42 27.71 3.57 32.49
TEMP 15.11 2.50 27.44 30.58 3.58 28.93 31.63 3.89 34.88
MURAT 13.76 2.48 27.13 29.71 3.43 28.49 31.25 3.68 33.73
DeepOD 7.73 1.65 22.71 19.27 2.73 27.12 30.91 3.67 33.64
DutyTTE 7.18 1.64 22.27 18.92 2.71 26.98 30.14 3.65 33.59
DOT 6.56 1.62 22.13 18.40 2.64 25.86 25.81 3.48 32.13
UNITE 5.16 1.37 18.55 12.44 2.14 19.64 15.40 2.45 22.83

Table 3: Overall Effectiveness of RTTE. Lower MSE, MAE (in minutes), and MAPE (in percentage %) indicate better performance.
CD XA HRB

Methods MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE
HA 10.39 2.16 24.22 24.81 3.15 25.93 25.92 3.61 27.15
HetETA 8.64 2.12 23.67 22.66 2.93 25.38 16.97 3.13 26.97
HierETA 6.71 2.03 22.99 21.34 2.72 24.90 16.24 2.87 25.72
WDDRA 5.90 1.70 22.05 18.49 2.66 24.38 10.60 2.26 21.13
DutyTTE 5.41 1.54 21.65 16.08 2.54 24.23 9.58 2.22 20.21
DOT 5.38 1.45 21.36 19.09 2.67 24.54 11.97 2.28 23.57
STHR 5.19 1.43 19.63 15.28 2.42 23.89 12.31 2.48 24.93
UNITE 3.15 1.17 17.13 9.39 1.92 18.22 2.86 1.19 12.70

UNITE (ours) Dijkstra WDDRA STHR TEMP
MURAT DeepOD DutyTTE DOT
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Figure 3: Inference Time of ODTTE (in seconds) (★marks
the best competitor in Table 2).
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Figure 4: Training Time per Epoch of ODTTE Methods.

without explicit routes enables UNITE to learn more comprehen-
sive representations. Furthermore, UNITE operates in a progressive
segment-wise manner, jointly predicting travel time and the next
segment, allowing the two tasks to mutually enhance each other.
The results in Table 3 confirm the efficacy of this unified approach.

5.3 Efficiency Evaluation
ODTTE Efficiency. We report inference time per 1,000 ODTTE
queries in seconds in Figure 3 and training time per epoch in Fig-
ure 4, where the strong competitor in Table 2 is marked by★. As
shown in Figure 3, UNITE consistently achieves the fastest infer-
ence speed across all datasets. In particular, compared with the best
competitor DOT, UNITE is significantly faster, often by orders of
magnitude. For example, on XA, to process 1,000 ODTTE queries,
UNITE only needs 0.44 seconds, while DOT needs 45.06 seconds,
indicating that UNITE is 102× faster. The primary efficiency bottle-
neck of DOT stems from its reliance on vision-based techniques to
generate pixelated trajectories, which is computationally intensive.
Other competitors, while relatively fast, are still less efficient than
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Figure 5: Inference Time of RTTE (in seconds) (★marks the
best competitor in Table 3).
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Figure 6: Training Time per Epoch of RTTE Methods.

UNITE; more importantly, they yield inferior ODTTE quality as
shown in Table 2. We further provide a breakdown of the infer-
ence time of UNITE in § B.3. Regarding training efficiency, Figure 4
demonstrates that UNITE achieves faster or comparable training
time per epoch compared to all competitors. For instance, on HRB,
UNITE takes 81.99 seconds per epoch, whereas DOT takes 113.75
seconds and DutyTTE even requires 1603.96 seconds. The high
efficiency of UNITE stems from its technical design in Section 4.
Moreover, a key advantage of UNITE is that it requires training
only once under the ODTTE setting, yet it can handle both ODTTE
and RTTE tasks during inference, whereas existing methods are
typically designed for only one setting.
RTTE Efficiency.We report the inference and training times in
Figure 5 and Figure 6, respectively, where the strong competitor in
Table 3 is marked by★. Consistently, UNITE achieves the fastest
inference and training efficiency across all datasets for RTTE. For
example, in Figure 5, on CD, UNITE only costs 0.08 seconds to
infer 1,000 RTTE queries. This is approximately 7× faster than
the most effective competitor, STHR, which requires 0.62 seconds.
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Table 4: Ablation Study by MSE
Variant CD XA HRB
UNITE 5.16 12.44 15.40
UNITE-att 6.20 12.89 16.00
UNITE-hist 5.24 13.62 16.48
UNITE-G𝑖 5.48 13.18 16.81
UNITE-𝑁𝐿 6.50 13.84 16.73
UNITE-SR 5.81 15.60 16.32
UNITE-SG 5.33 14.15 15.87
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(c) HRB
Figure 7: MSE of ODTTE with different route lengths

Moreover, UNITE is orders of magnitude faster than competitors
such as HierETA and HetETA. Although DOT and DutyTTE are
relatively fast, they yield lower effectiveness, as shown in Table 3.
Regarding training efficiency, Figure 6 shows that UNITE achieves
significantly faster per epoch training time than all competitors.
For instance, on CD, UNITE takes only 165.75 seconds per epoch,
whereas STHR requires 735.17 seconds.

5.4 Model Analysis
Ablation Study. We ablate the techniques in UNITE. UNITE-att
removes the long-range traffic pattern influence from previously
visited segments (a𝑖 in Eq. (7)); UNITE-hist omits the travel time
histogram Ψ𝑒𝑖 ,𝜆𝑡𝑜 (Eq. (6)); UNITE-G𝑖 excludes the travel graph G𝑖
in mSTE; UNITE-𝑁𝐿 does not consider the multi-hop look-ahead
neighborhood 𝑁𝐿 (𝑐 𝑗 ) in Eq. (15) of NSP; UNITE-SR ablates MoE
with a Single regressor; UNITE-SG replaces noisy Top-k gating
with a Simple, noise-free gating. Table 4 presents MSE results of
these ablated versions across all datasets. The complete UNITE
consistently outperforms all ablated variants, underscoring the
necessity of each component. Table 4 confirms the effectiveness of
all these techniques in UNITE.
Impact of Route Length.We evaluate method performance across
varying ground-truth route lengths for ODTTE queries. Test queries
are grouped by route segment count into five bins. Figure 7 shows
MSE for all methods from shortest to longest routes on three
datasets. All methods exhibit higher MSE for longer routes due
to error accumulation, but UNITE consistently achieves the lowest
MSE across all groups, demonstrating robustness to route length.
Inference time results are provided in § B.3.
Accumulated Errors in Long ODTTE. We further analyze er-
ror accumulation for long routes by selecting test queries with
ground-truth routes exceeding 25 segments. The MSE for every five
segments from the origin is shown in Figure 8. All methods exhibit
increasing errors with route length, but UNITE achieves the lowest
rate of increase, confirming its robustness for long-route ODTTE.
Generalization Capability. Table 5 shows MSE of UNITE and
the strongest baselines (DOT and STHR) on unseen OD pairs for
ODTTE and RTTE, respectively. All methods exhibit higher MSE
on unseen OD pairs in Table 5 than overall MSE in Tables 2, 3.
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Figure 8: Accumulated Errors for Long ODTTE Queries

Table 5: MSE on Unseen OD Pairs
Data CD XA HRB

ODTTE UNITE 9.68 16.52 16.89
DOT 11.69 23.37 27.53

RTTE UNITE 4.78 10.94 3.05
STHR 8.55 18.11 13.36
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Figure 9: UNITE with Beam Search Mechanism

Notably, UNITE consistently surpasses baselines on unseen OD
pairs, validating its strong generalization. Moreover, our design
preserves dynamic traffic patterns via PSE, captures temporal fea-
tures via ODT Encoding, and incorporates road network in NSP. By
jointly modeling these factors, UNITE generalizes well with strong
performance across cities and time periods.
Beam Search Mechanism. UNITE can support beam search (BS),
as shown in Figure 9. Compared to 𝑤𝑖𝑑𝑡ℎ = 1 (Greedy), Beam
Search with a larger width improves effectiveness, but increases
inference time. With Greedy, UNITE takes < 1 second per 1,000
queries, faster than baselines(Figure 3), but BS costs over 1 second.

6 Conclusion
We present UNITE, a unified framework for ODTTE and RTTE
that performs progressive, segment-wise inference to jointly model
route generation and travel time, capturing fine-grained and dy-
namic traffic conditions. UNITE integrates a PSE module for shared
context, an mSTE module based on MoE for handling traffic hetero-
geneity via travel graphs, and an NSP module for accurate route
inference. Experiments demonstrate UNITE outperforms existing
methods in both accuracy and efficiency. However, our current
focus is on city-level travel time estimation, addressing extra-long
nationwide routes will be left for future work.
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A Online and Offline Processing
A.1 Offline Training
Algorithm 1 outlines the offline training procedure. Initially, we
preprocess D to construct training instances comprising the ODT
query 𝑞, ground-truth route, and segment travel times (Lines 1–4).
We initialize learnable parametersΘ, utilizing pre-trainedNode2Vec
embeddings and orthogonal initialization for the experts in mSTE
(Lines 5–8). The training process iterates over at most 𝐼 epochs
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Algorithm 1: UNITE Offline Training
Input: Training Data D
Output: Trained Model Parameters Θ

1 foreach trajectory𝑇 ∈ D do
2 𝑞 ← ⟨𝑇 .𝑜,𝑇 .𝑑,𝑇 .𝑡𝑜 ⟩;
3 𝑅 ← ground-truth route from𝑇 .𝑜 to𝑇 .𝑑 ;
4 ⟨𝜓1, . . . ,𝜓 |𝑅 | ⟩ ← Get ground-truth segment travel times;

5 W𝐺 ← Node2Vec(𝐺 ) ;
6 Initialize W𝑜 ,W𝑑 ,W𝑅,WC,W𝐿 withW𝐺 ;
7 Orthogonally initialize mSTE experts with distinct seeds;
8 Initialize remaining parameters in Θ via normal distribution;
9 for 𝑒𝑝𝑜𝑐ℎ ← 1 to 𝐼 do
10 Shuffle D and partition into batches B;
11 foreach training trajectory𝑇 in each batch in B do
12 foreach 𝑒𝑖 ∈ ground-truth 𝑅 of𝑇 do
13 Forward execution of mSTE module (Lines 5-8 in

Algorithm 2) to get estimated travel time 𝜙𝑖 ;
14 Forward execution of NSP module (Lines 13-16 in

Algorithm 2) to get 𝑃 (𝑐 |𝑒𝑖 ), ∀𝑐 ∈ 𝑁𝑂 (𝑒𝑖 ) ;
15 𝐿mSTE (𝑇 ) ← Compute MSE loss by Eq. (18);
16 𝐿NSP (𝑇 ) ← Compute BCE loss by Eq. (19);
17 L(𝑇 ;Θ) ← Compute loss for𝑇 by Eq. (20);

18 Get batch loss L𝑏𝑎𝑡𝑐ℎ (Θ) ;
19 Compute gradients ∇ΘL𝑏𝑎𝑡𝑐ℎ ;
20 Update Θ← Adam(Θ, ∇ΘL𝑏𝑎𝑡𝑐ℎ ) ;
21 return UNITE with Θ;

(Lines 9–20). In each epoch, training data is shuffled and divided
into mini-batches (Lines 9–10). For every trajectory 𝑇 within a
batch, we traverse ground-truth route 𝑅. At each segment 𝑒𝑖 , we
perform the forward propagation of mSTE module (Sec. 4.3) to
predict travel time 𝜙𝑖 , and the NSP module (Sec. 4.4) to calculate the
transition probabilities for the next segment (Lines 11–14). Based
on these outputs, we compute the regression loss 𝐿mSTE (Eq. (18))
and the classification loss 𝐿NSP (Eq. (19)), which are combined into
a trajectory loss L(𝑇 ;Θ) as per Eq. (20) (Lines 15–17). Finally, the
model parameters Θ are updated via the Adam optimizer [23] by
minimizing the average batch loss (Lines 18–20). Lastly, the trained
UNITE with optimized parameters Θ is returned (Line 21).

A.2 Online Inference
Algorithm 2 outlines the online inference procedure of UNITE,
which handles both ODTTE and RTTE queries in a unified manner.
The process begins by encoding the origin 𝑜 , destination 𝑑 , and
departure time 𝑡𝑜 into q (Line 1) using the ODT Encoder (Sec. 4.1).
At Line 2, the state h0 is initialized with q, and the cumulative travel
time Φ is set to zero. For ODTTE queries, the route 𝑅 is initialized
with the origin segment 𝑜 . In each iteration (Lines 3–18), UNITE
performs three key operations for current segment 𝑒𝑖 retrieved at
Line 4. First, the PSE module (Sec. 4.2) generates the composite
embedding g𝑖 and updates the hidden state h𝑖 (Lines 5, 6). Second,
the mSTE module (Sec. 4.3) constructs the travel graph G𝑖 and
estimates the segment travel time 𝜙𝑖 on segment 𝑒𝑖 (Lines 7, 8) and
accumulates it into Φ (Line 9). If the current segment 𝑒𝑖 matches
the destination 𝑑 , the loop breaks (Lines 10, 11). Third, for ODTTE

Algorithm 2: UNITE Online Inference
Input: ODTTE: 𝑞 = ⟨𝑜,𝑑, 𝑡𝑜 ⟩ or RTTE: 𝑞𝑅 = (𝑅, 𝑡𝑜 )
Output: Estimated Travel Time Φ

1 q← Encode query 𝑞 via ODT Encoder (Eq. (4));
2 h0 ← q; Φ← 0; 𝑖 ← 1; if ODTTE: 𝑅 ← {𝑜 };
3 while 𝑖 ≤ |𝑅 | and 𝑖 ≤ MaxSteps do
4 Current segment 𝑒𝑖 ← 𝑅 [𝑖 ];

// 1. Progressive State Encoding (Sec. 4.2)

5 g𝑖 ← Generate composite embedding from 𝑒𝑖 , travel time
histogram, and previously visited segments (Eqs. (6)–(8));

6 h𝑖 ← Update state with g𝑖 of 𝑒𝑖 and h𝑖−1 via GRU (Eq. (9));
// 2. Segment Travel Time Estimation (Sec. 4.3)

7 G𝑖 ← Construct the travel graph for 𝑒𝑖 at 𝑡𝑜 ;
8 𝜙𝑖 ← Estimate time via mSTE(q, h𝑖 , G𝑖 ) (Eq. (11) (10));
9 Φ← Φ + 𝜙𝑖 ;

10 if 𝑒𝑖 is 𝑑 then
11 break

// 3. Next Segment Prediction (Sec. 4.4)

12 if ODTTE then
13 foreach 𝑐 𝑗 ∈ 𝑁𝑂 (𝑒𝑖 ) do
14 c𝑗 ← Generate candidate embedding (Eqs. (13)–(16));
15 𝑃 (𝑐 𝑗 |𝑒𝑖 ) ← Compute transition probability (Eq. (17));

16 𝑒𝑖+1 ← argmax𝑐∈𝑁𝑂 (𝑒𝑖 ) 𝑃 (𝑐 |𝑒𝑖 ) ;
17 𝑅.append(𝑒𝑖+1);

18 𝑖 ← 𝑖 + 1;
19 return Φ;

tasks, the NSP module (Sec. 4.4) predicts the next segment 𝑒𝑖+1 by
selecting the candidate with the highest probability and appending
𝑒𝑖+1 to the route 𝑅 (Lines 12–17). For RTTE, this NSP is skipped
as the route is provided. Then the iteration index 𝑖 is incremented
(Line 18) and the loop continues. The iteration continues until the
route is fully traversed (for RTTE) or the destination is reached, or
a maximum step limit is met (for ODTTE) in Lines 3 and 10. Finally,
UNITE returns the total estimated travel time Φ (Line 19).
Complexity. Let 𝑑 be the dimension of embeddings involved, ˜𝑑𝑒𝑔
be the max value of |𝑁𝑂 (𝑒𝑖 ) | for any 𝑒𝑖 in𝐺 , ℓ𝑁 be the max value of
multi-hop look-ahead neighborhood size |𝑁𝐿 (𝑒𝑖 ) | for any 𝑒𝑖 in 𝐺 ,
and ℓG be the number of edges in travel graph G. UNITE in Algo-
rithm 2 iterates at most ℓ steps. In the PSE process, we compute
attention between current segment and previously visited segments
in 𝑂 (ℓ𝑑) time, and the time of MLPs is 𝑂 (𝑑2). In mSTE module, it
contains GAT which costs 𝑂 (𝑘ℓG𝑑) time, while NSP module runs
in 𝑂 ( ˜𝑑𝑒𝑔ℓ𝑁𝑑) time. Thus the overall time complexity of UNITE is
𝑂 (ℓ2𝑑+ ℓ𝑑2+𝑘ℓℓG𝑑+ ˜𝑑𝑒𝑔ℓℓ𝑁𝑑), where 𝑘 is constant, ˜𝑑𝑒𝑔, ℓG and ℓ𝑁
are usually small, indicating the efficiency of UNITE.

B Additional Evaluations
B.1 The Effect of Hyper-parameters
Effectiveness Study on mSTE. In mSTE, we activate the Top-𝑘
STEs for travel time estimation to reduce inference cost (Sec. 4.3).
We vary 𝑘 in {1, 2, 4, 8} and report the MSE on all three datasets
in Figure 10(a). As shown in Figure 10(a), MSE decreases as 𝑘 in-
creases from 1 to 4, indicating improved effectiveness, and then
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Figure 11: MSE on Different F1-score of Routes

remains relatively stable from 4 to 8. This demonstrates that using
an appropriate number of STEs improves performance, thus we
set 𝑘 = 4 as the default in mSTE. When 𝑘 = 1, mSTE reduces to
a single STE, which yields the worst performance, validating the
effectiveness of the noisy Top-𝑘 selection in mSTE.
Temporal Window Size. In mSTE, we introduce window size 𝑝
to capture temporal dynamics (Sec. 4.3). We vary 𝑝 from 1 to 4
and report MSE on all three datasets in Figure 10(b). As shown
in Figure 10(b), MSE decreases when varying 𝑝 from 1 to 2, and
slightly increases from 2 to 4. Thus, it is optimal to set 𝑝 to 2.
Neighborhood Size. In NSP, we design multi-hop look-ahead
neighborhood 𝑁𝐿 to enhance representation for candidate seg-
ment (Sec. 4.4). Figure 10(c) shows performance of UNITE on
all three datasets with different neighborhood size. Compared to
𝑁𝐿 = 0 (no multi-hop), increasing 𝑁𝐿 from 0 to 2 improves MSE,
which then stabilizes with slight increase for 2 to 3. This shows the
necessity of multi-hop neighbor mechanism, and we set 𝑁𝐿 = 2.
Number of Experts. We vary the number of experts in the mSTE
MoE module, with MSE and inference time per 1,000 queries in Fig-
ure 10(d,e). Increasing the number of experts from 4 to 8 improves
MSE, after which the gains plateau or slightly degrade; inference
time increases only slightly. This shows the MoE design is effective
and necessary, while the inference overhead is manageable. Thus,
we set the number of experts to 8.

B.2 Quality of Predicted Routes
As UNITE predicts intermediate routes via the NSP module, we
compare its route quality with recent route planning methods,
further validating the joint design of UNITE.

Our method UNITE, equipped with the NSP module, generates
predicted routes for ODTTE queries. We evaluate the quality of
these predicted routes using the F1-score, comparing against state-
of-the-art route planningmethods, includingNASR [42],NMLR [19],

Table 6: Effectiveness of NSP by F1-score

Method CD XA HRB
NASR 78.27 75.22 57.43
NMLR 87.25 84.01 65.65
DRPK 88.35 85.18 68.36
UNITE 90.39 87.64 71.53

Table 7: Inference Time Breakdown per 1k Queries (seconds)

Component CD XA HRB
PSE 0.10 0.09 0.08
mSTE 0.26 0.24 0.25
NSP 0.23 0.21 0.24
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Figure 12: Inference Time of ODTTE with different lengths

and DRPK [35]. The F1-score is a widely adopted metric for assess-
ing the similarity between predicted and ground-truth routes [19,
35]; a higher F1-score indicates better route prediction quality.
The results in Table 6 show that our method UNITE consistently
achieves the highest F1-score across all datasets, outperforming
all competitors by notable margins. This demonstrates the effec-
tiveness of our NSP module. Besides, we partition ODTTE queries
into 10 equal-sized groups by F1 of NSP routes, and report MSE
of UNITE in Figure 11. As the F1-score of routes increases, MSE
decreases, confirming that accurate route yields better MSE.

B.3 Inference Time Exploration
Breakdown of Components.We break down inference time of
UNITE in Table 7, including inference time of PSE at Lines 5–6 of
Algorithm 2 (Sec. 4.2), mSTE at Lines 7–11 of Algorithm 2 (Sec. 4.3),
and NSP at Lines 12–17 of Algorithm 2 (Sec. 4.4). First, the gen-
eration of progressive state representation is highly efficient. For
example, on HRB, PSE costs only 0.08 seconds per 1,000 queries.
Second, mSTE and NSP are the main overhead in UNITE. We also
break down the inference time for the rightmost bin in Figure 7,
showing PSE is still not the main cost. Nevertheless, as reported in
Figure 3, UNITE needs the shortest total inference time.
Impact of Different Lengths. To explore the inference speed of
methods with different route lengths, we also evenly divide the test
ODTTE queries into five groups based on the number of segments
in their ground-truth routes. Figure 12 displays the inference time
per 1,000 queries of all methods under the five groups from short
to long over three datasets. As the route length increases, DOT
maintains relatively stable inference time, while the inference time
of other methods all rise. This is because DOT predicts the route
in pixelated format, which is not related to the length between
the origin and destination. Among the rest of methods, UNITE
exhibits the flattest rise. Nevertheless,UNITE costs the least seconds
than all competitors on all datasets with different route lengths,
demonstrating the superiority of the unique design in UNITE.
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