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Abstract

Travel is becoming increasingly convenient with the development
of the Internet. Travel Time Estimation (TTE) serves as a funda-
mental task for online traffic services. However, it faces a pressing
challenge due to the volatile nature of traffic: the out-of-distribution
(OOD) problem. In this paper, we investigate the OOD generaliza-
tion problem, with a specific focus on the TTE task. We analyze
the underlying generative process of traffic data by constructing
a relational Structural Causal Model (SCM). We reveal that the
complex causal relations can be simplified through a technique
we term selective blocking. Based on this simplification, we pro-
pose a two-step deconfounding procedure to eliminate the spurious
correlation of the environment on the invariant representation.
Specifically, we design an invariant representation model, 0OD
model for Travel Time Estimation (OOD4TTE). First, our model
infers potential environments for data generation through an en-
vironmental inference module. Then, we implement the two-step
deconfounding procedure by contrastive learning and an invariant
gating network. Finally, we generate robust travel time estimates
based on the invariant representations. We demonstrate the supe-
rior generalization capability of OOD4TTE through comprehensive
experiments on two real-world datasets.
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1 Introduction

Travel Time Estimation (TTE), as a core service of location-based
services (LBS), refers to the task of predicting how long it will take
to travel from a given origin to a destination along a specific route,
using available traffic context such as departure time, weather, etc.
For instance, in Fig. 1, traveling on the red route on a rainy Saturday
at 4:13 p.m. is estimated to cost 33 minutes. The TTE task plays
a vital role in various applications, including trip planning [12],
transportation scheduling [33], and delivery services [26].

Despite extensive efforts in prior work [13, 14, 22, 34, 36], TTE
models still suffer from poor out-of-distribution (OOD) generaliza-
tion. As shown in Fig. 2, OOD primarily originates from covariate
shifts induced by discrepancies in data generation environments
between training and testing, while shortcut features further exac-
erbate this issue by failing to generalize to unseen environments.
Most existing OOD generalization approaches [2, 3, 15, 37] assume
access to environment labels—i.e., prior knowledge of the data
generation mechanisms—and learn invariant representations across
these environments. Unfortunately, such environment annotations
are typically unavailable in real-world TTE scenarios due to the
complexity of the underlying data generation process.

To address the OOD generalization problem in the TTE task, we
face two key challenges: @ the data generation process is highly
complex, leading to rich and intertwined spurious relations in the
observed data; @ the notion of environment is implicit and difficult
to identify in TTE scenarios. Therefore, we propose an OOD model
for Travel Time Estimation (OOD4TTE), which aims to generate
invariant representations for TTE. We construct a TTE-specific
structural causal model (SCM) to visualize the data generation pro-
cess, and selectively blocking relations to simplify the learning
process for the invariant representation. The environment label is
also inferred in a soft type to balance the risk across the traffic con-
cepts. Our OOD4TTE is a two-stage invariant learning framework,
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Figure 1: An example of the TTE: The travel time from JFK
Airport to New York University is estimated to be 33 minutes.
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Figure 2: Illustration of the OOD problem in the TTE task:
Training on IID and Test on OOD.

with a bi-level optimization on the environment inference module
and the invariant representation model.

Our literature review reveals that no existing studies have ad-
dressed the OOD problem in the TTE task, despite its urgency and
practical importance. In a nutshell, the main contributions of this
paper are as follows:

e New Problem. To our best knowledge, we are the first to
discuss the OOD problem in the TTE task. We use the causal
theory and invariant learning to address the challenges.
Novel Method. We propose an end-to-end model, OOD4TTE,
to address the OOD generalization problem in the TTE task.
To tackle the two key challenges, we introduce an environ-
ment inference module and a two-step deconfounding proce-
dure for learning invariant representations. By leveraging
selective blocking, we simplify the underlying causal struc-
ture, thereby learning invariant representation much easier
and improving generalization performance. Based on this
simplified structure, the invariant gating network effectively
captures stable features across different environments.
Extensive Experiments. We conduct extensive experiments
to evaluate the performance of our method. OOD4TTE is
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evaluated on two real-world datasets. Our experimental re-
sults demonstrate that OOD4TTE achieves superior general-
ization performance under OOD scenarios.

2 Preliminary

2.1 Definition & Problem Formulation

Generally, the queries for travel time estimation are composed of
two types of covariates, categorized by their underlying semantics.

DEFINITION 1 (ROUTE). The routeT is of sequential characteristics
with identification information, which usually displays as a sequence
{51,582, .- .,Sm}, such as road names or IDs.

DEFINITION 2 (TRAFFIC CONTEXT). The traffic context C com-
prises traffic attributes and other factors that may affect travel time,
including the departure time, weather conditions, and infrastructure
information.

Our core problem, Travel Time Estimation (TTE), is formally
defined as follows:

PrOBLEM 1 (TRAVEL TIME ESTIMATION). Given the traffic context
¢ ~ D(C) and the planned route t ~ D(T), the estimating function
f aims to accurately estimate the travel timeY = f(c,t).

We define the OOD generalization problem in the TTE as follows:

DEFINITION 3 (DATA-GENERATING ENVIRONMENT). The data-
generating environment e € & is defined as the root causal factor
that determines the joint generative distribution of route and traffic
context covariates P¢(T, C).

The traffic context is a snapshot of a single trip (e.g., the real-
time weather, departure time of a trip), while the data-generating
environment is the distribution rule of all trips (e.g., the rainy season,
the peak hour of a specific region).

PrOBLEM 2 (OOD GENERALIZATION IN TTE). Given the environ-
ment e € &, we aim to find the estimation function f(-) that satisfies:

sup Ep(r,c,v|E=e) [L (f(T,C), V)], (1

ec&

= arg min
f =arg i

where £ denotes the loss function. The objective is to optimize
performance in the worst-case environment, thereby enhancing
generalization to previously unseen environments.

3 A Causal Perspective for OOD

We aim to address the two problems using causal theory. Neverthe-
less, the provable identification of invariant features requires the
imposition of certain general constraints.

AsSUMPTION 1 (IDENTIFIABILITY OF ENVIRONMENT). The envi-
ronment is inferable from the joint information of traffic context C
and route T.

It is reasonable to make this assumption in traffic scenarios. For
example, the regional peak hour can be inferred from the departure
time and route selection preferences in the traffic context. The rainy
season characteristics can be identified from the real-time weather
and road avoidance patterns of the route.
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AsSsUMPTION 2 (SUFFICIENT CONDITION). The sufficient invari-
ants for accurate and generalizable travel time estimation can be
identified from traffic context C and route T.

This assumption aligns with those made in many OOD general-
ization studies [15, 40]. Considering the success of incorporating
traffic context and route as covariates in practical online travel
time estimation [8, 35, 36], we believe that they contain sufficient
invariant information. Then, the invariance principle for invariant
representations is defined as:

PrINCIPLE 1 (TTE INVARIANCE PRINCIPLE). For the random vari-
ables: route T, traffic context C, and travel time Y, two distinct repre-
sentation functions ®(-) and ¥(-) capture invariants from C and T
respectively, which satisfy:

PE(Y | (C),¥(T)) =P (Y | ©(C), ¥(T)). @

We aim to learn invariant representations for traffic contexts
and routes simultaneously. This allows the model to avoid learning
shortcut features and to generalize robustly from the training data
when it properly captures the invariants. However, it remains a
question to design an appropriate representation method. Next, we
leverage causal theory to address this problem.

3.1 A Causal Perspective of TTE

To rigorously analyze the problem in a causal perspective, we de-
sign a Structural Causal Model (SCM) [25] for analyzing complex
interactions in the travel time estimation. Specifically, in Fig. 3,
each node represents a causal variable, and each edge denotes a
causal relation between two variables. The SCM illustrates the
causal relations among five key variables: environment E, route T,
traffic context C, invariant representation R, and travel time Y. The
interactions between these variables are described as follows:

Route

Traffic context
Environment

Invariant representation
Travel time

Observed variant

HORE 1 Ik

{_} Unobserved variant

Figure 3: SCM for TTE.

e C «— E — T:Asdefined in Def. 3, the environment is the root
causal factor that determines the joint generative distribution
of T and C. It is generally difficult to fully observe in practice.
For example, the regional peak hour and inherent traffic
patterns cannot be directly identified without prior domain
knowledge.

T < R — C:In addition to the confounder, invariant infor-
mation is also contained in C and T. The key variable R is
what we aim to learn. Thus we can make an accurate estima-
tion with the observed C and T. For example, the accessibility
of roads could be an invariant.

R — Y: Since the invariant representation has a stable re-
lationship with travel time, R has sufficient information for
estimation.
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e C — T:The route is usually influenced by the traffic context.
For example, people may choose to take a detour to avoid
congestion during peak hours.

From this SCM, we observe that the paths E — C <~ Rand E —
T « R form collider structures, which induce spurious correlation
between E and R. For example, E = rainy season causes C = rainy
and T = expressway (because small roads are blocked), which leads
to a decrease in expected travel time. The spurious correlation may
be learned: C = rainy — Y |. Thus, we need to adjust for C and T
(i-e., by learning invariant representation ®(C) and ¥(T)) to block
the spurious correlation between E and R and learn the pure R.

Traditional tools for causal theory like backdoor or front-door
adjustment is hard to apply to the SCM due to the complex re-
lations. Intuitively, removing the path C — T can simplify the
causal relationships. Although directly removing the path is feasi-
ble, it inevitably leads to the loss of essential information. Hence,
we propose selective blocking, which partially blocks C — T to
eliminate confounding influence from E. Selective blocking offers
two benefits: (1) Simplifying the causal relationships by reduc-
ing the number of paths from E to R from four to two, thereby
weakening confounding; (2) Enhancing the learnability of double
invariants: misidentifying invariants in C (or T) increases difficulty
in identifying invariants in T (C). Therefore, we propose a two-step
deconfounding procedure: first by selectively blocking C — T,
then blocking E — C and E — T. Based on this analysis, we now
present our method.

4 Methodology

In this section, we introduce the architecture of our proposed OOD
model for Travel Time Estimation (OOD4TTE), as shown in Fig. 4.

Given routes with various numbers of steps, we first use a tem-
poral method (e.g., LSTM [7] and Transformer [31]) to represent
them into vectors T € RN*4model, Together with the traffic contexts
C € RN*%dmodel OODATTE infers the environment for the invariant
representation learning. Next, we implement the two-step decon-
founding procedure to adjust for C and T, yielding ®(C) and ¥(T),
which block spurious correlation between the environment and the
invariant representation. Finally, the estimation head predicts the
travel time vector § € RN from ®(C) and ¥(T).

4.1 Environmental Inference Module

As the goal of invariant representation learning, we would like to
have robust representations for each trip, which could be stable
across environments. However, in traffic data, environment labels
are unobservable. This module aims to infer the environment labels
from the observable features for invariant identification.

Since traffic generation is not governed by a single aspect, we
adopt multiple concepts to explain the underlying data-generating
mechanism. We define E € RV*V as the soft labels for V traffic
concepts. The risk of e-th concept is defined as the weighted loss
of each instance in the e-th concept, as follows:

1
Zi’ Ei/,e

where f is an invariant representation model, and L is a loss func-
tion. Given that the representation model learns stable relations

Reno(f.B) = DB LUCT)w). )
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Figure 4: Architecture of OOD4TTE.

and achieves consistent performance across environments, the soft
label E should define a proper environment partition that minimizes
the risk gap among concepts. In other words, the module searches
for a partition that is most consistent with the invariance already
captured by the invariant model f. Here we use the variance of each
concept risk to encourage equal risks [11, 37]. The invariant model
and the environment labels are updated iteratively as follows:

E' = arg min Var R¢,, (f,E), (4)

f* = argmin R, (f,E), (5)
f

where Rin, is the risk of the representation model. Furthermore,

an entropy regularizer is suggested to be imposed on E* to prevent

collapse. Next, we will discuss f and Rip,.

4.2 Two-step Deconfounding Procedure

We perform deconfounding of the influence of environment labels
on invariant representations in two steps: (1) selectively blocking
the confounding path of traffic contexts on routes, where ®; and ¥;
are the mediate representing functions for C and T, respectively; (2)
based on the updated causal relations, we block the remaining spu-
rious relations from the environment to invariant representations,
denoted as ®(C) and ¥(T).

4.2.1 Selective Blocking. In Fig. 3, path C — T increases the com-
plexity of causality due to introducing more paths from E to R, and
the model finds it much harder to learn invariants due to misinter-
pretation arising from the misidentification of T and C. To achieve
the goal of selective blocking, it is necessary to ensure that the
®;(C) and ¥;(T) are independent conditioned on the environment
E (i.e., ®:(C) 1L ¥ (T) | E). To this end, we design a contrastive
module as follows.
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Initially, we shuffle the traffic contexts in data to generate nega-
tive samples. With slight abuse of notation, we define the shuffled
C’ to distinguish it from the original C, where C is regarded as
positive samples and C’ as negative ones.

Without loss of generality, we adopt partial distance measure
[30, 43] to quantify the conditional dependency between ®;(C)
and ¥; (T). The partial distance measure is a scalar quantity that
quantifies dependence with the conditional correlation in Gaussian
settings. In non-Gaussian situation, a partial distance of zero does
not imply conditional independence. However, values closer to zero
suggest weaker correlation [30].

We first define the double centered pair-wise distance of the in-
ferred environments E, denoted as 7(E) € RNXN 35 follows :

N
1
M@mJﬂm—mm—NENm—&m—

—ﬂmmw—Zmem

k=1 I=1

(6)

where || - |2 is the I; norm. The 7(C) and n(T) can be similarly

obtained. The inner product operator ® for n(C) and 7(T) is defined

as:

2izj [7(CO)]ij - [7(D)]s;
N X (N -3)

Others are similarly calculated. The orthogonal projection operator

P of 7(C) on 7 (E) is defined as:

E
I CELL)
7(E) ® n(E)
The projection Pg(T) can be similarly obtained. The partial dis-
tance measure of C and T to E is defined as:
| Pe(C) ® Pe(T) |
PO - I1Pe(DI

7(C) ® 7(T) := (7)

Pe(C) = n(E). (®)

Dg(CT) = ©)
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where |-| denotes the absolute value, ||Pe(C)|| = (Pe(C) ® Pe(C) /2,
and ||Pg(T)|| is similarly defined.

To achieve the goal of ®;(C) AL ¥;(T) | E, we hope the Dg(®;(C),
¥, (T)) < Dg(®:(C’),¥:(T)). That means, when projected onto
the space of environments, the positive representations ®;(C) are
orthogonal to ¥; (T), while the negative representations ®; (C’) are
not. Accordingly, we define the contrastive loss L, as follows:

Leon = SoftPlus(Dg (®1(C), ¥1(T)) — De(21(C"), ¥1(T))). (10)

Both ®; and ¥; are two-layer MLPs. This contrastive design ensures
that the learned representations ®; (C) and ¥; (T) become condi-
tionally independent given the environment, thereby selectively
blocking the confounding influence through C — T from E.

4.2.2  Invariant Decomposer. Selective blocking initially mitigates
spurious correlation from C — T. However, the environment E
still has spurious correlation with the invariant representation R
through T and C. To further eliminate the spurious correlation, we
design the invariant gating network for the invariant represen-
tation extraction.

Selectively blocked representations @ (C) are shuffled, denoted
as @ (C), and then, the gating weight G is generated as follows:

G = o (topk (Wc®,(C) | Var [Wced;(C), W@ (0)])),  (11)

where topk selects the smallest k% of elements according to the
given condition, while setting all remaining entries to zero. o is
an activation function. W¢ is a learnable parameter for linear pro-
jection. The gating weight is applied to ®;(C), and the invariant
representation function @ is defined as:

®(C) =G &,(C). (12)

Similarly, routes T can be represented by ¥ with a different linear
projection weight Wr.

4.3 Estimation Head

Under the sufficient condition, we use the invariant representations
®(C) and ¥(T) as inputs to the estimation head. The estimation
head is implemented as a three-layer MLP, with the sum of the
invariant representations as the input. The estimation is as follows:

§ = MLP(®(C) + ¥(T)). (13)

4.4 Model Optimization

The quality of estimated travel time ¥ is evaluated using Mean Abso-
lute Percentage Error (MAPE). Additionally, to encourage the model
to learn invariant representations and enhance generalization, we
introduce the variance of the loss. Note that the variance term used
here serves the purpose of invariant representation learning by
optimizing the invariant model f, whereas the one in R, is used
for environment inference by optimizing E. The risk of invariant
learning Rin, is defined as:
Rino = Eg [Ltte] +a
—_—

first moment

Eg [VarLyse]
e

second central moment

+PE[Leon],  (14)

where a and f are tunable hyperparameters that balance the weights
between different risk terms. Eq. (4) and (5) are optimized iteratively.
During training, we adopt Adam optimizer [10] for the invariant
representation model and the environmental inference module.

2172

KDD 2026, August 9-13, 2026, Jeju Island, Republic of Korea.

In the invariance principle (Eq. 2), we aim to align the loss dis-
tributions across different environments, i.e., Ve;, e; € &, we have
P¢(Lye) =~ P%(Lyse). The three terms in our invariant risk can
then be interpreted as the first moment, the second central moment,
and a regularization term. Minimizing the risk can thus be seen as
performing moment matching, which approximates the loss distri-
butions. In this way, our method adheres to the invariance principle
and can capture the invariance.

5 Experiments

In this section, we report our experimental results. The imple-
mented code and data are available at our repository!.

5.1 Experimental Setting

5.1.1 Datasets. The experiments are conducted on two real-world
datasets. The Shenzhen Dataset® contains 30-day routes from
August 1st, 2020 to August 30th, 2020 in Shenzhen, China, collected
from the Didi Platform. We selected the first 5 days of data, which
includes 636,373 routes and their corresponding traffic contexts.
The traffic contexts include features such as weather, departure time,
and driver ID, etc. The Porto Dataset® contains 1,710,671 routes
and corresponding traffic contexts from 442 taxis in Porto, Portugal,
spanning from July 1st, 2013 to June 30th, 2014. Since the routes
consist of GPS positions, we mapped them onto road segments using
the Valhalla* engine. The traffic contexts here include features such
as road width, speed limit, departure time, and driver ID, etc.

5.1.2  Baselines. To comprehensively evaluate the performance
of our approach under distribution shifts, we compare it against
a range of baselines. These include a standard training strategy
(ERM), four SOTA OOD generalization methods, and four repre-
sentative TTE backbone models.

OOD Generalization Methods. We apply the following methods
to enhance the robustness of the base predictors:

o ERM (Empirical Risk Minimization): The standard training
objective that minimizes the average loss over training data
without any distributional robustness or OOD constraints.

e EIIL [3]: Environment Inference for Invariant Learning,
which infers worst-case environment partitions by maxi-
mizing an invariance-violation objective, enabling invariant
learning without explicit environment labels.

e RevIN [9]: Reversible Instance Normalization, a symmetric
module that normalizes input sequences and denormalizes
the corresponding outputs to mitigate distribution shifts in
time-series forecasting.

e FOIL [17]: an invariant learning framework that infers latent
environments via a surrogate loss to mitigate the impact of
unobserved confounders in time-series forecasting.

e HRM [18]: Heterogeneous Risk Minimization, which jointly
clusters latent environments and learns invariant predictors
to filter out spurious correlations and ensure robustness
under distribution shifts.

!https://github.com/CrazySpy/OOD4TTE_public
Zhttps://sigspatial2021.sigspatial.org/sigspatial-cup/
Shttp://www.geolink.pt/ecmlpkdd2015-challenge/dataset.html
“https://github.com/valhalla/valhalla
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TTE Backbones. To adapt the above OOD methods to TTE tasks,
we implement them across four distinct backbone architectures:

e WDR [36]: a classic architecture that simultaneously trains
wide linear models and deep neural networks to capture both
memorization and generalization features.

e WDDRA [6]: Wide-Deep-Double-Recurrent model with an

auxiliary loss, which couples wide & deep components with

a double-recurrent structure and an auxiliary link-status

prediction loss to capture complex spatial-temporal depen-

dencies in trajectory data.

ProbTTE [16]: A probabilistic framework that estimates

the probability distribution of travel times rather than point

estimates, focusing on uncertainty quantification.

Informer [41]: An efficient Transformer-based model for

long-sequence time-series forecasting, employing ProbSparse

self-attention, self-attention distilling, and a generative-style
decoder to reduce complexity.

5.1.3  Training Protocols. We follow the protocol that splits the
datasets into training, validation, and test sets with ratios of 75%, 5%,
and 20%. Experimental results are reported with three evaluation
metrics: Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), and Root Mean Square Error (RMSE) for all three
datasets consistently. All these metrics are better when their values
are lower. They evaluate different aspects of performance: MAE and
MAPE are sensitive to small values (i.e., short routes in TTE), while
RMSE is sensitive to large values (i.e., long routes in TTE). We repeat
each experiment five times independently, and additionally perform
a statistical significance test on the aggregated experimental results.
OODA4TTE is implemented with PyTorch. The model is trained on
a server equipped with three pieces of NVIDIA A40 GPU and one
piece of Intel(R) Xeon(R) Platinum 8268 CPU.

5.2 Experimental Results

To better reveal the effectiveness of our design, we conclude with
four questions and try to answer them with experimental results.

5.2.1 QI1: What is the performance on Travel Time Estima-
tion in OOD scenarios? The OOD performance is evaluated un-
der two scenarios: variable traffic contexts and variable routes. For
variable traffic contexts, we divide the departure times into four
folds, select three as training data, and use the remaining one as
testing data. For variable routes, we divide the routes into 2 folds
based on their lengths to simulate out-of-distribution conditions.

Table 1 reports the results on the Shenzhen and Porto datasets
under the traffic context OOD setting. In particular, OOD4TTE
achieves a 7.50% improvement in the worst-case performance on
the Shenzhen dataset during the 6:00-11:59 time window, demon-
strating its robustness to context distribution shifts. Results for the
route OOD scenario are provided in the Appendix.

5.22 Q2: Are the components for optimization effective?
We conduct an ablation study to validate the effectiveness of each
key component in OOD4TTE, with the experimental settings con-
sistent with the traffic context OOD scenario. Specifically, we ablate
the core modules and loss terms by removing or replacing them with
naive alternatives: @ setting & = 0 to ablate the term Eg [Var L],
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thus verifying the effect of the invariant modeling for risk equaliza-
tion across environments; @ setting f = 0 to remove the contrastive
loss L¢on, so as to evaluate the contribution of the selective blocking
strategy; @ replacing the Invariant Gating Network with a simple
MLP (denoted as w/o Gat) to test the effectiveness of the invariant
representation decomposition; @ replacing the Environmental In-
ference Module with all-one vectors (denoted as w/o Env) to assess
the importance of inferring soft environmental labels.

The results in the traffic context scenario have been included in
Table. 2. The results of the route OOD scenario are in the Appendix.
All the components prove effective: & minimizes cross-environment
loss variance to drive the model toward environment-independent
invariant representations and avoid spurious correlations, while
B strengthens selective blocking via contrastive loss to achieve
conditional independence of traffic context and route, simplifying
causal structures for robust invariant representation learning.

5.2.3 Q3: How sensitive is the model to the hyperparam-
eters? The sensitivity experiments are conducted on the Porto
dataset for four hyperparameters: the coefficients @ and f, the num-
ber of environments V and the invariant ratio k. As shown in Fig.
5, we observe that:

(1) « and B. Both the hyperparameters vary over {0.1, 0.5, 1, 5}.
We find that two hyperparameters are usually fit between
0.5 and 1. This also indicates that « and f are two trade-off
parameters for the invariance risk.

Number of traffic concept V. The V is adjusted in {4, 8,
16, 32}. A few traffic concepts reduce the representational
ability, whereas a greater number of concepts fail to extract
common factors of environments.

Invariant Ratio k. The invariant ratio k controls the ratio
of shortcuts to invariant representations in embeddings. The
values of k are tuned in {0.2, 0.4, 0.6, 0.8}. A lower value could
lose invariant information, whereas a larger value could
introduce shortcuts. The results suggest a value around 0.5.

5.24 Q4: Does our method introduce significant overhead
during training and inference? We compare OOD4TTE against
four baselines, including WDR, a lightweight industrial solution
deployed on the Didi platform. Train time and memory are mea-
sured during training, while inference latency and throughput are
measured during inference.

As shown in Table 3, our method achieves efficiency comparable
to WDR on the Shenzhen dataset, using a single NVIDIA A40 GPU.
Compared with WDR, OOD4TTE incurs a 54.1% increase in mem-
ory consumption (323.57 vs. 210.00 MB). This overhead primarily
originates from the pairwise distance computation (Eq. 6-9), which
is required by our method.

5.3 Case Study: A Typhoon day in Shenzhen

To further validate the robustness of OOD4TTE in extreme traffic
scenarios, we conduct a case study on the Shenzhen dataset focusing
on August 16, 2020, when a typhoon hit Shenzhen, causing severe
traffic disruptions, e.g., road waterlogging, reduced speed limits,
and route deviations.

Table 4 presents the TTE performance of all baseline methods
and OOD4TTE under this extreme scenario. The results indicate
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Table 1: Performance in the traffic context OOD scenarios on the Shenzhen and Porto datasets. The first row indicates the
testing period. A star (*) denotes statistical significance with p < 0.05. Bold font indicates the best results, and underlined font
indicates the runner-up.

0:00-5:59 6:00-11:59 12:00-17:59 18:00-23:59
MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

ERM 119.40 1641 176.56 153.18 17.48 229.53 105.71 1497 14557 13254 18.96 215.84
+ EIIL 114.20 16.10 170.50 145.20 16.90 21540 103.80 15.05 150.10 120.50 17.80  195.20
WDR  +RevIN 110.19 1573 163.68 138.73 16.42 208.87 101.50 15.00 149.16 11442 17.19 18431
+ FOIL 134.47 2488 174.65 131.61 18.92 189.37 143.88 27.60 178.21 158.95 32.44 201.50
+HRM 19649 2453 27229 250.75 27.65 342.85 149.35 19.79 21239 13197 18.69 213.88

Dataset Backbone Method

ERM 113.77 1595 166.47 14986 17.23 22212 10430 1499 145.05 115.09 17.70 171.24
+ EIIL 113.20 1585 165.10 129.50 15.80 202.40 102.80 14.90 145.80 113.50 17.40 169.80
WDDRA +RevIN 113.02 1597 166.85 131.60 1573 198.69 104.94 1498 14451 113.71 1738 177.09
+ FOIL 11851 19.29 163.87 13296 15.82 206.07 112.71 16.18 164.17 209.85 27.59 302.34
+HRM 112,06 16.05 164.38 132.54 15.89 200.15 101.14 14.82 147.55 112.13 17.24 171.40

Shenzhen
ERM 119.80 16.64 193.15 147.73 16.21 240.95 108.01 1535 145.21 119.24 1794 192.63
+ EIIL 11550 16.10 175.20 140.50 16.35 220.10 104.20 15.20 147.50 116.80 17.60  185.50
ProbTTE +RevIN 11143 15.66 16442 137.73 16.23 209.54 101.13 15.13 149.19 112.16 16.93 175.17
+ FOIL 118.20 17.48 169.76 148.76  19.17 216.72 167.21 27.20 219.08 117.00 17.52 174.10
+HRM 11843 16.29 17559 133.25 1593 201.38 103.77 14.96 14589 11543 17.33 188.08
ERM 161.71  22.25 241.27 226.58 25.23 332.76 153.51 21.77 222.18 182.46 2533 277.21
+ EIIL 155.40  20.80 245.10 195.20 22,50 298.50 148.50 21.20 215.50 165.20 24.10 260.50
Informer +RevIN 150.26 19.42 24293 174.04 20.49 267.68 143.06 20.85 208.63 153.03 22.66 240.86
+FOIL 25299 4547 366.16 22935 31.08 337.97 207.12 3631 285.12 223.74 4437 307.97
+HRM  182.28 23.70 286.28 305.58 32.30 427.61 182.88 2433 269.59 18298 2793 277.71
OOD4TTE 109.30* 15.28" 163.62" 119.79" 14.75" 183.30° 99.10° 1495 144.35 108.33* 16.88 166.11"
ERM 196.39  23.03 383.93 137.44 24.26 239.71 166.18 21.21 406.88 19550 21.84 479.32
+ EIIL 198.50 23.35 379.40 138.10 24.40 241.50 165.12 21.75 409.20 198.40 2230 475.10
WDR +RevIN 21145 25.19 37859 137.74 24.79 239.97 17799 23.46 41191 203.79 2346 481.20
+FOIL  208.49 2394 39418 143.13 25.19 268.02 181.12 23.74 480.04 231.16 24.12 470.36
+HRM 20755 2398 37534 136.28 24.08 242.03 172.63 21.33 441.26 211.63 2295 468.27
ERM 195.53 2292 360.63 140.27 24.99 241.22 16835 21.36 385.63 194.56 21.74 436.11
+ EIIL 197.10  23.15 375.20 141.50 24.60 240.80 170.20 21.50 388.50 195.80 21.90 442.10
WDDRA +RevIN 20690 2427 407.14 138.10 24.32 251.18 178.65 23.43 399.21 206.85 23.85 441.75
+ FOIL 329.72  77.52  429.75 23826 47.95 410.20 321.76 78.32 475.21 291.18 58.66 560.69
Porto +HRM 20197 2371 38257 14548 24.14 236.79 168.00 21.14" 382.66" 189.51 21.64 452.39
ERM 207.72 2419 383.92 166.69 26.87 27345 186.65 23.92 382.09 195.79 22.05 461.09
+ EIIL 204.50 24.10 372.10 144.20 2450 250.30 182.50 23.50 395.20 200.10 22.50 450.50
ProbTTE +RevIN 203.17 2496 362.15 14519 24.08 259.82 21231 26.26 456.62 220.16 26.96 435.11
+ FOIL 266.29 50.49 42493 304.21 83.70 390.98 277.73 50.16 485.49 25450 43.98 475.57
+HRM  197.78 23.43 36430 144.84 2444 237.85 173.34 22.16 39196 191.78 21.89 438.36
ERM 258.81 29.65 43479 17234 26.10 284.92 229.57 29.11 426.41 240.16 27.83 476.37
+ EIIL 194.20 23.10 363.50 13950 24.80 240.20 169.10 2230 401.50 199.50 22.40 460.20
Informer +RevIN 196.85 23.24 36491 140.27 24.99 241.22 17049 2247 40297 200.27 2254 463.98
+ FOIL 27593 30.76  453.37 210.11 4890 476.03 304.21 83.70 390.98 316.03 3438 509.83
+HRM  200.25 23.80 365.59 139.24 2443 246.83 177.11 23.17 44297 199.19 2251 45591
OODATTE 189.71* 22.58* 358.91" 132.24" 23.43" 235.84" 164.29* 21.84 377.34 187.48" 21.44" 432.49"
that OOD4TTE'’s predictions are more consistent and less sensitive They over-rely on spurious correlations (e.g., normal weather traffic
to extreme traffic fluctuations caused by typhoons. Most baseline patterns) that break down under extreme conditions.

methods struggle to generalize to typhoon-induced OOD scenarios.
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Table 2: Ablation study in the traffic context OOD scenarios on the Shenzhen and Porto datasets. The first row indicates the
testing period. Bold font indicates the best results.

0:00-5:59 6:00-11:59 12:00-17:59 18:00-23:59
MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

OOD4TTE 109.30 15.28 163.62 119.79 14.75 183.30 99.10 14.95 144.35 108.33 16.88 166.11
a=0 113.11 15.62 169.81 143.00 16.64 217.45 100.18 15.18 145.53 109.84 17.72 168.92
Shenzhen f=0 110.77 1533 167.54 124.59 1598 189.78 103.28 15.27 149.96 109.75 17.21 168.17
w/o Gat 111.20 1542 166.90 128.85 16.22 19640 9985 15.05 146.10 10895 17.05 167.20
w/o Env 112.25 15.78 16895 12540 16.05 19090 101.90 1540 148.85 110.60 17.55 170.85

OOD4TTE 189.71 22.58 358.91 132.24 23.43 235.84 164.29 21.84 377.34 187.48 21.44 43249
a=0 194.66 2343 360.96 136.53 24.18 239.13 177.41 2287 431.73 188.02 21.78 435.66
Porto f=0 19431 2330 362.01 135.19 2399 237.77 172.07 22.49 412.84 189.70 21.82 436.10
w/o Gat 204.80 25.50 392.60 138.70 25.80 243.40 176.40 24.15 415.80 190.90 22.15 440.20
w/o Env 201.50 24.85 381.40 140.90 26.35 244.60 182.10 25.10 42890 196.30 23.55 452.00

Dataset Method

‘ 0:00-5:59 —e—6:00-11:59 12:00-17:59 18:00-23:59 ‘

220 zzoL 220 l 220,
200 200 200 | 2001
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Figure 5: Sensitivity analysis of four hyperparameters in the temporal OOD scenarios on the Porto dataset.

Table 3: Computational efficiency comparison on the Shen- Table 4: Results on the Shenzhen dataset on August 16, 2020,
zhen dataset. All experiments are conducted on a single a typhoon day. Bold font indicates the best results, and un-
NVIDIA A40 GPU. derlined font indicates the runner-up.
Train Time Inference Latency Throughput Memory Backbone Method MAE MAPE RMSE
Method (h) (ms) (samples/s)  (MB)
P ERM 108.78 0.1433 159.92
WDR 213 412 248,543 210.00 +EIOL 10650 0.1420 154.60
WDDRA 3.25 4.58 231,206 267.43 WDR +RevIN 104.23 0.1410 151.88
fr;’bTTE 22; :;}) fi;}i;; ii‘;gz +FOIL  132.76 0.2247 170.96
nrormer B . B .
OODA4TTE 3.82 4.33 236,473 323.57 +HRM  156.23 0.1897 215.95

ERM 107.43 0.1430 157.78
+EIIL 10150 0.1365 147.50
6 Related work WDDRA +RevIN 100.84 0.1358 148.03
+FOIL 12870 0.2057 171.16
+HRM 10582 0.1376 154.48

6.1 Travel Time Estimation

Route-based Travel Time Estimation. Early segment-based TTE

. i ERM 108.55 0.1373 184.81
methods [1, 35] often suffer from error accumulation. To mitigate

+ EIIL 101.20 0.1345 150.80

this i'ssue, WDR [36] introduces holistic route modeling. Subsequent ProbTTE  +RevIN 102.01 01357 152.16
multi-task frameworks, such as DeepTTE [33] and WDDRA [6], +FOIL 12238 01707 187.04
incorporate auxiliary objectives to capture complex dependencies. +HRM  105.84 01421 153.33
ProbTTE [16] further advances this line by modeling predictive

ERM 173.72  0.2313  250.73

-, . . . . . . + EIIL 146.50 0.1920 212.50
Origin-Destination Travel Time Estimation. OD-TTE is a branch Informer +RevIN 14493 01903 210.03

?f TTE. Un.lil.(e route-de.pen.den.t method‘s, it est‘ima.tef duration us- +FOIL 14974 01959 217.93
ing only origin and destination information, which is important for +HRM 15888 02037 236.94
pre-dispatch scenarios. While early works [13, 39] focused on static
geo-representations, recent studies address sparsity with graph-
based oracles. DOT [14], for example, uses a diffusion probabilistic
model to infer latent pixelated trajectories as map-based priors.

uncertainty.

OODA4TTE 95.28 0.1289 140.99
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En-route Travel Time Estimation. En-route TTE requires real-
time adaptability, where balancing accuracy and latency remains
challenging. Traditional recurrent models such as CompactETA [5]
incur high overhead due to continuous state updates. Recent meth-
ods leverage uncertainty estimation, as exemplified by DutyTTE
[23]. This motivates uncertainty-guided frameworks [28] that re-
place fixed-frequency updates with dynamic triggers and recompute
only when trajectory deviations exceed confidence bounds.

6.2 OOD Generalization

Existing OOD generalization methods can be broadly categorized
based on the accessibility of environment annotations and the mech-
anism of invariance learning.

Supervised Domain Generalization. Methods in this category
rely on explicit environment labels or prior knowledge (e.g., spa-
tial coordinates) to learn invariant representations. Classical ap-
proaches like IRM [2] and REx [11] enforce invariance across
annotated training environments via penalty terms, while Group-
DRO [27] minimizes the worst-group risk. In the context of complex
series data, DIVERSIFY [21] and ITSR [20] extend these princi-
ples to segment-level classification tasks, requiring fine-grained
environment labels. Similarly, spatio-temporal methods [32, 38, 42]
typically utilize explicit spatial correlations to define environments.
However, since our task focuses on non-spatial attributes, and ob-
taining precise environment labels in traffic scenarios is often im-
practical, these supervised methods are not applicable to our setting.
Latent Environment Inference. To address label scarcity, recent
approaches aim to infer latent environments or adapt to shifts di-
rectly from data. From a debiasing perspective, LfF [24] identifies
bias-conflicting samples without supervision. Optimization frame-
works like EIIL [3] and HRM [18] infer worst-case environment
partitions to maximize risk variance or capture latent heterogeneity.
Specific to temporal shifts, AdaRNN [4] dynamically adjusts recur-
rent states to capture evolving dependencies, while CauSTG [42]
segments time into latent environments based on correlation situa-
tions. Notably, RevIN [9] employs a simple instance normalization
strategy to mitigate non-stationarity, and FOIL [17] introduces a
novel label-free framework to infer temporal environments. These
methods align with our goal of handling distribution shifts in the
absence of explicit environment labels. Beyond these optimization-
centric methods, recent theoretical advancements in Large Lan-
guage Models offer a mechanistic perspective. Specifically, [29]
reveals that the OOD generalization capability of Transformers in
LLMs is largely driven by induction heads via compositionality.

7 Conclusion & Limitation

In this paper, we first study the OOD generalization problem in the
travel time estimation task. We reveal the complex causal relation-
ships in the TTE task. Our model, OOD4TTE uses an environmental
inference module to infer the missed environment labels in the TTE
task and a two-step deconfounding procedure for better invariant
representation learning. All the components are proven to be effec-
tive in the ablation study. Experimental results show that OOD4TTE
can effectively solve the OOD generalization problem.

A key limitation of OOD4TTE is its lack of consideration for
graph-modality-specific OOD issues, such as the distribution shift
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of road network topology across cities. The model cannot be di-
rectly transferred to new urban environments with distinct spatial
connectivity and traffic patterns. This prevents OOD4TTE from
serving as a general solution to cross-city OOD problems.
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A Experimental Reproducibility
A.1 Data Preparation

Since the routes in the Porto Dataset consist of GPS positions, we
first used the Valhalla engine to map the GPS positions onto the
road network, obtaining additional road information such as road
width and speed limit. This was done to align it with the Shenzhen
dataset, which is composed of anonymous segment IDs. Valhalla
ensures consistent results due to its reliance on OpenStreetMap.

A.2 Hyperparameter Settings

The OODATTE model includes 4 hyperparameters: two coefficients
(a and ) in the risk function, the invariant ratio k, and the number
of traffic concept V. The coefficients « and f are searched over {le-1,
5e-1, 1, 5}. k is searched over {0.2, 0.4, 0.6, 0.8}, and V is searched
over {4, 8, 16, 32}. Since the combinations of the four are very
large (128 combinations), we adopt a group grid search strategy to
find the suboptimal hyperparameters. Parameters in one group are
grid searched first, and then sequentially searched across groups.
Specifically, a and f are grouped together, and k and V form the
other group. All the reported results are the average of five runs.
The learning rate is fixed to 0.0005 with the batch size of 256.

B Discussion on OOD Evaluation Protocol

To construct a temporal OOD scenario, we partition each day into
four time periods. A natural concern is whether such a partition
genuinely induces distribution shift. To verify this, we employ the
Classifier Two-Sample Test (C2ST) [19] to quantify the discrep-
ancy between the training and test distributions within each period.
Table 5 reports the resulting AUC scores. All values exceed 0.6
(reaching up to 0.787), confirming that the partition induces a sub-
stantial covariate shift well beyond what a simple random hold-out
would yield.

Table 5: C2ST AUC across time periods. Higher values indi-
cate stronger distribution shift between the training and test
partitions.

Dataset 0:00-5:59 6:00-11:59 12:00-17:59 18:00-23:59
Shenzhen 0.651 0.677 0.646 0.787
Porto 0.610 0.759 0.603 0.644
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C Additional Experiments
C.1 Performance on Route OOD

The OOD generalization performance in the route OOD scenario is
shown in Table 6. We observe that the MAPE value on the shorter-
half route subset is significantly higher than that of Informer +
RevIN, despite our method achieving lower MAE. This is because
MAPE is highly sensitive to small ground truth values, which are
common in shorter routes. As a result, although our model yields
smaller absolute errors, the relative errors measured by MAPE
appear much larger.

C.2 Ablation study on Route OOD

Table 7 presents the results of the ablation study on route OOD.
The introduced components improve the model’s generalization
performance.

Table 7: Ablation study in the route OOD scenarios on the
Shenzhen and Porto datasets. The first row indicates the
range of testing route length. Bold font indicates the best
results.

0%-50% 50%-100%
Dataset Method

MAE MAPE RMSE MAE MAPE RMSE
OODATTE 110.23 24.93 150.53 287.50 17.84 491.40
a=0 110.36 2533 149.37 329.08 20.12 547.02
Shenzhen =0 123.63 30.42 160.50 337.73 20.54 563.90
w/o Gat 11430 26.80 153.10 300.60 18.65 510.80
w/o Env 119.40 2890 158.20 320.40 19.85 535.60
OODATTE 112.09 43.48 196.70 285.98 18.83 746.57
a=0 112.89 46.70  209.66 289.98 19.46 755.80
Porto =0 14993 63.66 226.40 292.45 19.98 764.00
w/o Gat 120.60 52.20 205.10 292.40 19.90 770.30
w/o Env 136.80 61.10 232.40 305.50 21.05 792.10

D Theoretical Justification of Selective Blocking

This section provides a formal explanation of why the selective
blocking objective in Sec. 4.2.1 suppresses the confounding effect
of pathC — T.

THEOREM 1 (PARTIAL-DISTANCE CRITERION AND CONDITIONAL
DECORRELATION). Let

U=Pe(2:1(C)), V=Pe(¥1(T)),
where Pg () is defined in Eq. 8. Then
U ® V|
vl

In particular, Dg(®1(C), ¥1(T)) = 0 impliesU ® V = 0, i.e., the
residual dependency after conditioning on E vanishes in the partial-
distance sense. Under Gaussian assumptions, this is equivalent to
@,(C) L ¥(T) | E.

Dg(91(C), ¥1(T)) = € [0, 1].

Proor. The range [0, 1] follows from the Cauchy-Schwarz in-
equality on the inner-product operator ®:

UeVi<yUaU)(VeV)=|UllVI.
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Hence the normalized quantity is bounded in [0, 1]. By construction,
U and V are the residual components after removing the linear
effect of E, so U ® V = 0 means zero residual correlation under
this metric. The Gaussian-equivalence statement follows from the
standard result for partial correlation/partial distance [30]. O

THEOREM 2 (CONTRASTIVE OBJECTIVE ENFORCES SELECTIVE BLOCK-
ING). Define
d* =Dg(®:1(C), ¥:(T)), d~ =Dg(2:(C"), ¥1(T)),

and Lcon = SoftPlus(d* — d~) in Eq. 10. For any € > 0, if Leon < €,
then

d* —d” <log(e -1).
Therefore, minimizing Lo, forces d* to be no larger than d™ up to
a shrinking slack term, which suppresses conditional dependency of
positive pairs and realizes selective blocking of C — T.

Proor. Since SoftPlus(x) =log(1 + ) is strictly increasing,
Leon <€ = log(1+ edh‘f) <e = 8 <.
Taking logarithms gives
d* —d” <log(ef —1).

As training decreases €, the right-hand side decreases and eventually
becomes negative, yielding d* < d~. Thus, relative to shuffled
negatives, the model is driven to reduce conditional dependence in
the original (C, T) pair, corresponding to selective suppression of
the confounding interaction path. O
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Table 6: Performance under route-length OOD scenarios on the Shenzhen and Porto datasets. The column header indicates the
percentile range of testing route length. All metrics are the lower the better. The best results are in bold and the second-best are
underlined. * denotes statistically significant improvement (p < 0.05) over the strongest baseline.

Shenzhen Porto

Backbone Method 0%-50% 50%-100% 0%-50% 50%-100%
MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE
ERM 116.81 2504 15446 345.04 22.06 51674 128.68 4893 208.95 35345 24.11  814.48
+EIIL 11520 2540 15510 32050 2050 505.20 125.80  40.20 209.20 340.50  23.50  810.10
WDR  +RevIN 11466 2571 15638 299.81 18.97 499.73 12445 3155 209.66 333.93 2196 807.83
+FOIL 12614 2695 15972  357.65 2231 529.86 25578 8577 316.86 356.64 36.89  781.60
+HRM 15203  29.91 20270 35348 2217 551.82 120.86 4122 208.97 362.63 2399  837.49
ERM 11843 2573 15940 346.77 2222 51859 121.60 52.91 206.68 41478  29.22  871.08
+EIIL 11550 2520 15580 33520 21.90 51250 12050 4520 20550 360.20  23.80  820.50
WDDRA +RevIN 11668 2574 15792 34542 2219 51053 12625 29.42 213.82 379.89 2574  790.76
+FOIL  121.86 2532 15319 33099 21.80 503.17 348.83 133.17 441.85 311.03 2528  780.26
+HRM 11415 2501 152.88 34586  22.03 509.05 117.91 3899 20477 341.01 21.96  778.47
ERM 118.09 2639  174.27 29562 1894 49698 11829 39.62 201.27 513.22 3144 1034.85
+EIIL 11750 26,50  170.20  295.10  18.80 49550 120.10 3550 205.10 450.20  29.50  950.50
ProbTTE +RevIN 15830 3279 218.08 29474 18.27 49370 13083  26.09 22506 50438 31.00 2059.83
+FOIL 17422 3379  239.61 29232 18.69 489.17 211.14 7442 311.00 331.00 28.13  842.55
+HRM 11690 2699  168.70 293.94 1845 49415 12292 27.90 209.00 32098 26.61  830.26
ERM 234.16  48.82 31376  610.55 4436 751.03 225.02 7255 311.10 63529  53.67  929.61
+EIIL 24550 4520  330.10  450.20 3050 650.50 160.20 4050 250.20 60050  50.20  910.50
Informer +RevIN 261.68 4319 347.64 380.98 2468 58355 131.66 25.47 22166 661.14 5678  973.15
+FOIL 26338 6224 337.06 500.26 3291 692.86 291.83  80.67 356.53 525.96 4039  825.24
+HRM 33214 6849 39255  628.58  43.97 797.14 22463 61.84 32056 61890 51.08  896.00
OODATTE 110.23* 24.93* 150.53* 287.50* 17.84* 49140 112.09* 4348 196.70 285.98* 18.83* 746.57"
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