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Abstract

As artificial intelligence techniques evolve, we are approach-
ing a critical moment for the widespread deployment of au-
tonomous vehicles. Subsequently, the emergence of mixed-
autonomy traffic environments presents formidable chal-
lenges to autonomous vehicles, especially for the accurate
prediction of lane change intentions of their surrounding
human-driven vehicles, which is crucial for ensuring the
safety of autonomous vehicles. Existing lane change predic-
tion models mainly focus on capturing the temporal varia-
tions in the movement dynamics of individual vehicles. How-
ever, the neglect to consider inter-vehicle interactions hin-
ders their capability in complex lane change scenarios, result-
ing in suboptimal prediction performance. Moreover, current
interaction-aware approaches for autonomous driving fail to
explicitly model future interactions between vehicles, lead-
ing to unreasonable prediction results that can cause colli-
sions between vehicles. To address the above issues, we pro-
pose to incorporate the concept of perceived safety into fu-
ture interaction modeling and design a dual-view interaction-
aware lane change prediction model. We evaluate the pro-
posed model on two real-world datasets and experimental
results show that the proposed model achieves average im-
provements of 11.7-12.4% in classification ability and 75.6-
95.7% in forecast ability over the best-performing baselines
across the two datasets. The ablation study and investigation
into future interaction modeling demonstrate that our model
has advantages in interpreting lane change scenarios from a
driving safety perspective.

Introduction
With the burgeoning development of artificial intelligence,
we are prepared for the wide-scale deployment of au-
tonomous vehicles (AVs). However, the new traffic land-
scape brought about by the mixed-autonomy traffic scenar-
ios—where AVs and human-driven vehicles (HDVs) coex-
ist on roads—poses a formidable challenge to driving safety
and decision-making for AVs. As an extremely frequent
driving behavior of HDVs, the lane change maneuver sig-
nificantly impacts road traffic safety, resulting in over 50,000
accidents in the U.S. each year (Ding et al. 2023). Accord-
ingly, accurate lane change intention prediction of HDVs is
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Figure 1: The advantage of modeling the future interaction
with perceived safety. Blue arrows denote the predicted in-
tention of vehicles under different interaction settings.

paramount for the successful establishment of AVs.
Despite the flourishing of deep learning, existing stud-

ies are apt to capture the temporal interdependence in the
moving dynamics of individual vehicles to predict their lane
change intentions (Shi and Zhang 2021; Xing et al. 2020;
Liao et al. 2022). Such a philosophy neglects the interac-
tions between vehicles, which have a direct influence on
the motion of contiguous vehicles, thereby yielding subopti-
mal prediction performance. As illustrated in studies such as
(Liang et al. 2020) and (Jia et al. 2023), inter-vehicle inter-
active activities serve as strong clues for extracting moving
patterns of vehicles, and the acquired patterns are conducive
to behavior prediction. This spurs us to model inter-vehicle
interactions (the mutual influence on the movements of ad-
jacent vehicles) for lane change prediction.

Recent interaction-aware approaches primarily concen-
trate on comprehensively and appropriately embedding
complicated interactions using advanced models based on
observed trajectories and driving environments. They either
employ Graph Neural Networks (GNNs) to represent the
geometric interactions between vehicles (Liang et al. 2020;
Gu, Sun, and Zhao 2021; Jia et al. 2023) or utilize the self-
attention mechanism to accommodate holistic inter-vehicle
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interactive behaviors (Zhou et al. 2022; Hu et al. 2023; Liao
et al. 2024b). Although the interaction features learned by
these two paradigms achieve commendable performance in
motion predictions, we argue that these methods fail to con-
sider possible future interactions between vehicles, which
are crucial in lane change scenarios. As shown in Figure
1, the predicted lane change intention of the yellow vehi-
cle can induce a potential collision with its adjacent vehicle
if only extracting inter-vehicle interactions from historical
trajectories. This confines the prediction to lagged-behind
information, which is referred to as modeling historical in-
teractions in this study. Consequently, the crux of the current
interaction-aware methods lies in the excessive focus on his-
torical interaction modeling while disregarding the explicit
reflection of plausible future interaction.

Against this backdrop, we resort to the concept of per-
ceived safety for representing future interactions. As elab-
orated in (Rubagotti et al. 2022; Geisslinger, Poszler, and
Lienkamp 2023; Liao et al. 2024b), perceived safety is
the embodiment of both instinctive response and cognitive
thinking, which can sculpt rational driving behaviors and
the judicious decision-making process of human drivers. As
portrayed in Figure 1, incorporating the perceived safety of
drivers to forge future interactions allows for more sensi-
ble intention predictions, thus averting possible conflicts and
preferably aligning with real-world situations.

In this context, we conceive a dual-view interaction-aware
lane change prediction model that combines and embeds
both future and historical interactions. By doing this, we
aim to not only fortify the capability of accurately predicting
lane change intentions but also empower the model to inter-
pret lane change scenarios within the cognitive framework
of driving safety. Our contributions can be summarized as
follows:

1. Dual-View Interaction Philosophy. We revisit the prob-
lem of lane change prediction and discover the key lim-
itation in current approaches: the failure to model inter-
vehicle interactions, particularly the ignorance of future
interactions. Therefore, we propose to model dual-view
interactions in this study, encompassing both future and
historical interactions. By incorporating the concept of
perceived safety to elicit future interactions, we aim to
achieve more accurate and socially informed prediction
results.

2. Tailored Model Components. We design three modules
to capture future and historical interactions and to blend
the embedded dual-view interaction information. In the
Future Interaction Module, four risk metrics are devel-
oped to characterize the spatio-temporal perception of
driving safety. In the Historical Interaction Module, a
novel Graph Transformer is devised to capture the ge-
ometric correlations between vehicles. In the Interac-
tion Fusion Module, an edge-biased self-attention layer
is contrived to prompt the meld of interaction features
while improving the discrimination of connections be-
tween different interaction characteristics.

3. Complete Effectiveness Verification. We conduct a
thorough evaluation of the proposed model to demon-

strate its effectiveness on two large-scale real-world
datasets. The results show that our model achieves aver-
age improvements of 11.7-12.4% in classification abil-
ity and 75.6-95.7% in forecast ability over the best-
performing baselines across the two datasets. Further-
more, we investigate the Future Interaction Module and
corroborate its accomplishment in safety-aware predic-
tion and noise-resistant robustness.

Related Work
Lane Change Prediction. Recurrent Neural Networks
(RNN) and their variants, such as Long Short-Term Mem-
ory (LSTM) and Gated Recurrent Unit (GRU), have been
employed to accommodate the temporal variations in driv-
ing features, yielding favorable lane change intention pre-
diction performance (Shi and Zhang 2021; Xing et al. 2020;
Do, Han, and Choi 2023; Yuan et al. 2023). To further en-
hance the ability of RNNs to capture lane change patterns,
hierarchical learning is introduced to complement predic-
tion information presented in different lane change scenarios
(Wang et al. 2024; Liao et al. 2022; Li et al. 2024). Trans-
former, a groundbreaking architecture for natural language
processing, has extended its applications to computer vision
and autonomous driving (Vaswani et al. 2017). It exhibits
strong competence in capturing the correlations between in-
put elements with the attention mechanism. Inspired by this,
Transformer has also been applied in lane change prediction,
resulting in better performance than the RNN family (Gao
et al. 2023). However, the above methods hardly consider
modeling interactions between vehicles.
Interaction Representation. Representing interactions as a
graph and employing GNNs to facilitate information propa-
gation and capture node-level correlations is prevalent in the
literature (Liang et al. 2020; Gu, Sun, and Zhao 2021; Jia
et al. 2023). Recently, some studies have managed to intro-
duce the self-attention mechanism in Transformers to cap-
ture global relationships among vehicles, thus obtaining in-
teraction embeddings with rich context. Moreover, the emer-
gence of generative models provides the potential for robust
interaction representation (Liao et al. 2024a). However, the
above approaches fail to consider the future interaction, thus
precipitating immoderate predictions.

Problem Formulation
In this study, we aim to build a lane change prediction
model for an autonomous vehicle (referred to as the ego
vehicle) that can forecast the short-term lane change inten-
tions of target vehicles in the vicinity of the ego vehicle.
Assuming that the current time is t, we denote the histori-
cal states of target vehicles and their surrounding vehicles
by X t−Th+1:t

tv =
{
Xt−Th+1:t

tv,i |i ∈ [1, n]
}

and X t−Th+1:t
sv ={

Xt−Th+1:t
sv,i |i ∈ [1,m]

}
, respectively. Here, Th indicates

the traceback time window; n and m refer to the total num-
ber of target and surrounding vehicles, respectively. More
specifically, the historical states can be directly represented
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by:

Xt−Th+1:t
∗,i =

{
pt−Th+1:t
∗,i ,vt−Th+1:t

∗,i ,at−Th+1:t
∗,i

}
(1)

where ∗ = tv or sv. pt−Th+1:t
∗,i , vt−Th+1:t

∗,i , and at−Th+1:t
∗,i

denote the time series of 2D coordinates, velocities, and ac-
celerations of vehicle i, respectively. Through capturing in-
tricate relationships among historical states, the proposed
lane change prediction model outputs the predicted lane
change intentions of target vehicles over a future duration
Tf :

Y
t+1:t+Tf

tv =
{
y
t+1:t+Tf

i |i ∈ [1, n]
}

y
t+1:t+Tf

i =
{
y
t+1:t+Tf

i,1 , y
t+1:t+Tf

i,2 , y
t+1:t+Tf

i,3

} (2)

where yt+1:t+Tf

i,1 , yt+1:t+Tf

i,2 , and y
t+1:t+Tf

i,3 correspond to
the likelihood of three intention categories: lane keeping, left
lane change, and right lane change, respectively. Notably,∑3

c=1 y
t+1:t+Tf

i,c = 1.

Lane Change Prediction
The overall framework of the proposed lane change pre-
diction model is shown in Figure 2. It comprises three so-
phisticated and interconnected modules, subtly capturing
and blending future and historical interactions. Afterward,
a novel intention classifier is curated to simultaneously fore-
cast the likelihood of lane keeping, left lane change, and
right lane change.

Future Interaction Module
In this module, we harness the perceived safety of human
drivers to characterize future interactions between vehicles.
In the traffic safety domain, perceived safety can be quan-
tified by three risk metrics (Minderhoud and Bovy 2001):
Time-to-Collision (TTC), Time Exposed Time-to-Collision
(TET), and Time Integrated Time-to-Collision (TIT). These
three metrics delineate the one-to-one correlation between
any pair of vehicles but fail to accommodate the varying
number of surrounding vehicles for a target vehicle. To this
end, we ameliorate the three metrics:
1) Time-to-Collision (TTC): TTC quintessentially denotes
the time remaining until two vehicles collide if they perpetu-
ate their current trajectories. It furnishes a gauge of impend-
ing risk and undertakes the functionality of early warning.
TTC for vehicle i with respect to vehicle j at time t is com-
puted by:

ψTTCt
i,j

= −
dti,j

d̂ti,j
(3)

dti,j denotes the distance between vehicles i and j and d̂ti,j is
the change rate of dti,j : dti,j =

√(
pti − ptj

)⊤ (
pti − ptj

)
d̂ti,j =

1
dt
i,j

(
pti − ptj

)⊤ (
vti − vtj

) (4)

where (pti, v
t
i) and

(
ptj , v

t
j

)
are 2D coordinates and velocities

of vehicles i and j, respectively. To account for the erratic

number of surrounding vehicles, aggregated TTC for vehicle
i is calculated with the learnable operation:

ψTTCt
i
= −

∑
j∈N t

i

αt
i,jψTTCt

i,j
(5)

where N t
i refers to the set of surrounding vehicles for vehi-

cle i and αt
i,j is the attention weight of vehicle j to vehicle

i learned by Graph Attention Networks (GAT) (Veličković
et al. 2017).
2) Time Exposed Time-to-Collision (TET): TET weighs the
time of exposure to safety-critical TTC values over a speci-
fied duration tH :

ψTET t
i
=

t∑
tk=t−tH+1

δi (tk) · τsc (6)

where τsc is set to 0.1s, signifying the minimum time step in
which the measured TTC values do not change. δi (tk) is a
switching variable:

δi(tk) =

{
1, ∀0 ≤ ψ

TTC
tk
i

≤ ψTTC∗

0, else
(7)

where ψTTC∗ denotes the threshold safety-critical TTC
value, which is set to 2.5s in this study.
3) Time Integrated Time-to-Collision (TIT): TET can not dis-
tinguish between diverse risk levels, as it treats all TTC val-
ues within the threshold equally. Thus, TIT amalgamates the
TTC profiles to preferably represent the degree of safety:

ψTIT t
i
=

t∑
tk=t−tH+1

[
ψTTC∗ − ψ

TTC
tk
i

]
· τsc

∀0 ≤ ψ
TTC

tk
i

≤ ψTTC∗

(8)

Increased values of TTC, TET, and TIT suggest a higher
exposure to underlying collision risks, resulting in an atten-
uation in perceived safety.
4) Spatial Risk Perception Index (SRP): The above three
metrics evaluate the perceived safety from a temporal per-
spective. To further capture the spatial distribution of risk
levels, we propose SRP by modifying the Moran’s I (Li,
Calder, and Cressie 2007), a prominent spatial autocorrela-
tion measurement:

ψSRP t
i
=

|N t
i |

Dt
i

∑
j∈N t

i

∑
q∈N t

i

(
dtj,qψTTCt

i,j
ψTTCt

i,q

)
∑

j∈N t
i
ψ2
TTCt

i,j

(9)
In this context, ψSRP t

i
with larger values indicates a less

even spatial distribution of collision risks, thereby elevat-
ing the perceived safety for performing lane change maneu-
vers. In addition, Dt

i is the sum of the distances between
surrounding vehicles of vehicle i:

Dt
i =

∑
j∈N t

i

∑
q∈N t

i

dtj,q (10)

To mitigate the repercussions of numerical differences
on lane change prediction performance, we separately ap-
ply min-max normalization to each of the four perceived
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Figure 2: Overall framework of the proposed lane change prediction model.

safety metrics and then merge them into input feature matri-
ces for target vehicles,

{
X̄t−Th+1:t

tv,i |i ∈ [1, n]
}

. Afterward,
an LSTM with multi-head attention (Vaswani et al. 2017) is
developed to distill the temporal information. We first em-
ploy LSTM to obtain the hidden state of each target vehicle,
presenting the essence of perceived safety toward future in-
teractions:

Ht−Th+1:t
F,i = φLSTM

(
φMLP

(
X̄t−Th+1:t

tv,i

))
(11)

Subsequently, a multi-head attention mechanism is imposed
on the derived hidden state to acquire the refined feature vec-
tor:

ẋt
tv,i = φLN

(
φMHA

(
Ht−Th+1:t

F,i

))
(12)

where φLN (·) denotes Layer Normalization (Ba, Kiros, and
Hinton 2016) exerted to bolster the training stability. The
multi-head attention mechanism can be specified by:

φMHA

(
Ht−Th+1:t

F,i

)
= φConcat

(
Ht−Th+1:t

F,i βj |hj=1

)
WF

(13)
where βj |hj=1 represents a group of attention weights cor-
responding to different attention heads, transformed from
query, key, and value vectors. WF is the learnable parame-
ter.

After attaining the refined feature vectors for target vehi-
cles {ẋt

tv,i|i ∈ [1, n]}, we propose to further capture spa-
tial correlations between target vehicles, encoding the deep-
seated geometric interdependence. A driving graph G =
{V, E} is first constructed, where V denotes the node set cor-
responding to target vehicles and E denotes the edge set con-
necting the nodes. To propagate information among nodes
and edges and update their corresponding features, we de-
vise a Graph Transformer that incorporates the multi-head
attention mechanism into the message-passing process of
a GNN. Specifically, we renovate the aggregation function
and update function in the GNN:
1) Aggregation function: For a node v ∈ V in the l-th layer,
the input node feature is denoted by vl−1 from the previ-
ous layer. Especially, the input to the first layer is the refined

feature vectors obtained in Equation (12). We denote the fea-
tures of neighboring nodes of v that belong to vehicle type
j by Vl−1

j . The attention score of this specific type for v is
calculated by:

aj = φSoftmax

(
qjKj√
dh

)
(14)

where qj = vl−1WQj
, Kj = Vl−1

j WKj
. WQj

and
WKj

are the query and key linear transformation matrices
for vehicle type j, respectively. In doing so, the attention
score becomes type-aware, embracing the prior knowledge
of vehicle types. Further, we conduct multi-head attention
to collect features of neighboring nodes with various ve-
hicle types for v, resulting in a set of aggregated features{
vl−1,′
j |j ∈ [1, nv]

}
, where nv is the number of possible

types for v. These aggregated features can be further inte-
grated by:

vl−1,′ = φMLP

(
φConcat

({
vl−1,′
j |j ∈ [1, nv]

}))
(15)

2) Update function: We leverage the Feed-Forward Network
(FFN) to update the integrated feature:

vl = φLN

(
φFFN

(
vl−1,′)) (16)

Note that we utilize the residual connection (He et al.
2016) between layers to enhance network performance.
Through the multi-layer Graph Transformer, high-order ge-
ometric relationships with type-aware semantics are ex-
tracted, and the final future interaction features for target
vehicles are read out from the last layer of the Graph Trans-
former:

Xt
tv,F =

{
xt
F,i|i ∈ [1, n]

}
(17)

Historical Interaction Module
The historical driving states of surrounding vehicles are mo-
mentous for the decision-making of target vehicles in the
near future. For instance, vehicles located in adjacent lanes
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near the target vehicle may impede the target vehicle’s dis-
cretionary lane change behaviors. To adapt to such intri-
cate interplay, we introduce the Historical Interaction Mod-
ule. This sophisticated module converts the driving states
of vehicles into high-dimensional interaction features with
rich context, capturing the concealed spatio-temporal corre-
lations.

To incorporate the historical states of surrounding vehi-
cles while retaining the distinctiveness of the target vehicle
states, we design a local-aware min-max normalization to
epitomize the relative states of the target vehicles. For clar-
ity, the relative position of target vehicle i at time t is calcu-
lated by:

p̃ti =
pti −min

({
ptj |j ∈ N t

i

})
max

({
ptj |j ∈ N t

i

})
−min

({
ptj |j ∈ N t

i

}) (18)

where N t
j refers to the surrounding vehicles of i. The oper-

ator is implemented on position, velocity, and acceleration
across all historical time steps, fulfilling the refined local-
aware features for target vehicles. Then the obtained features
are fed into a similar branch to that in the Future Interaction
Module: an LSTM with multi-head attention and a Graph
Transformer to capture the temporal and geometric context,
respectively. Finally, the compiled historical interaction fea-
tures for target vehicles are represented by:

Xt
tv,H =

{
xt
H,i|i ∈ [1, n]

}
(19)

Interaction Fusion Module
This module combines the obtained future and historical in-
teraction features, resulting in populated and enriched inter-
action fusion features for lane change intention prediction.
However, the fusion process lacks bound constraints, indi-
cating the gradient engendered by the final prediction results
can only lead to minimal parameter learning. Accordingly,
we resort to contrastive learning between different target ve-
hicles as an additional learning objective for regularization.
We randomly sample nCL target vehicles as a minibatch and
define the contrastive loss function as:

LCL =
1

n2CL

nCL∑
i=1

nCL∑
j=1

(
φSim

(
xt
F,i,x

t
H,i

)
−φSim

(
xt
F,i,x

t
H,j

)
+ 2

) (20)

The contrastive loss aims to confine the similarity of positive
samples to be greater than that of negative samples, thereby
entrenching the interaction fusion. The similarity function is
defined as:

φSim (u, z) = − uTz

∥u∥z∥
(21)

For each target vehicle i, the comprehensive interaction
feature is computed by:

xt
I,i = φConcat

({
xt
F,i,x

t
H,i

})
(22)

To further capture the global correlations between inter-
action features, we introduce an edge-biased self-attention

layer. The interaction feature for target vehicle i is updated
by:

γj,o =

(
WQI

xt
I,j + bQ

j,o

)⊤ (
WKI

xt
I,o + bK

j,o

)
√
de

(23)

x̆t
I,i =

n∑
j=1

exp (γi,j)∑n
k=1 exp (γi,k)

(
WVI

xt
I,j + bV

i,j

)
(24)

where WQI
, WKI

, and WVI
are linear transformation ma-

trices of query, key, and value, respectively. bQ
i,j , bK

i,j , and
bV
i,j are edge biases used to discriminate connections be-

tween different interaction characteristics. Thereafter, the in-
teraction features culminate in the channel-wide synthesis:

x́t
I,i = φLN

(
φMLP

(
x̆t
I,i

))
(25)

Intention Classifier
With the obtained final interaction features for target vehi-
cles X́t

tv,I =
{
x́t
I,i|i ∈ [1, n]

}
, the lane change prediction

is framed as a classification task. The intention likelihood of
target vehicle i is computed by:

ωt
i = φSoftmax

(
φGN

(
φMLP

(
x́t
I,i

)))
(26)

where φGN (·) denotes the Group Normalization (Wu and
He 2018) capitalized on for strengthening the training stabil-
ity. With the parameter-sharing scheme, the intention likeli-
hood of multiple target vehicles can be simultaneously gen-
erated. Finally, the cross-entropy loss function is employed
to optimize model parameters:

LIC = − 1

n

n∑
i=1

3∑
c=1

ȳ
t+1:t+Tf

i,c logωt
i,c (27)

where ȳt+1:t+Tf

i,c is the ground-truth label for the c-th inten-
tion category over the prediction horizon Tf , and ωt

i,c is the
predicted likelihood of the c-th intention category.

To hasten model training, we employ a multi-task training
strategy by alternating the training procedures of intention
classification and contrastive learning. The corresponding
parameters in the two pipelines are updated alternatively un-
til the intention classification pipeline reaches convergence.

Experiments
Experimental Setup
We evaluate the proposed model on two large-scale real-
world datasets, NGSIM (Deo and Trivedi 2018) and HighD
(Krajewski et al. 2018). Referring to current studies (Gao
et al. 2023), the lane change intention triggers 2s before lane
change execution. Accordingly, we label the duration of 2s
before and 4s after the start of the lane change maneuver
as a lane change sample (Li et al. 2024). In this context,
we obtain 10,126 lane change/lane keeping samples for the
NGSIM dataset and 15,432 lane change/lane keeping sam-
ples for the HighD dataset. Among these samples, 80% are
used for model training whereas the remaining 20% are used
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Method
NGSIM Dataset HighD Dataset

Left Lane Change Right Lane Change Left Lane Change Right Lane Change
Precision Recall Precision Recall Precision Recall Precision Recall

RF 69.24% 68.37% 65.33% 63.64% 59.78% 60.42% 56.32% 58.17%
LSTM 77.41% 75.68% 70.36% 72.03% 70.31% 68.25% 67.42% 65.99%
Bi-LSTM 79.87% 80.31% 75.24% 73.54% 76.45% 75.27% 71.12% 71.53%
TMMOE 78.32% 80.34% 75.21% 76.94% 76.75% 76.37% 72.69% 72.56%
MMAE 82.17% 78.65% 76.39% 82.31% 78.42% 79.27% 74.63% 77.65%
VWC 84.31% 86.54% 80.62% 84.11% 80.37% 81.27% 78.46% 79.53%
H-LSTM 80.29% 85.74% 82.64% 86.75% 82.57% 81.30% 78.24% 79.07%
P-GHMM 83.26% 83.69% 85.18% 86.72% 81.45% 83.64% 83.37% 81.09%
RFormer 88.46% 86.38% 87.10% 88.35% 88.37% 86.59% 85.10% 84.99%
Our Model 97.62% 98.33% 97.27% 97.98% 97.17% 97.02% 96.86% 96.72%

Table 1: Classification ability comparison on NGSIM and HighD datasets. The underline and bold values denote the best results
in baselines and overall, respectively.

(a) NGSIM dataset. (b) HighD dataset.

Figure 3: Forecast ability comparison on NGSIM and HighD
datasets.

for assessment. Note that NGSIM and HighD have 3 and
2 vehicle types, respectively. Precision and Recall are em-
ployed to appraise the classification ability. To further mea-
sure the forecast ability, specifically how early the model
can detect the lane change intention of a target vehicle, we
propose RHCF :

RHCF =
1

NLC

NLC∑
i=1

δHCF (Ri)

δHCF (Ri) =

{
1, if Ri ≥ 80%

0, else

(28)

where Ri is the ratio of the period from the first correctly
predicted timestamp to the end of the lane change to 6s.NLC

is the number of lane change samples in the test set. More-
over, we instantiate the proposed model on benchmark hard-
ware (Intel Xeon5320@2.20GHz, 512GB RAM@4800Hz,
NVIDIA GeForce RTX 4090 24GB, Ubuntu 21.04), imple-
mented using Adam optimizer with a batch size of 64 and
a learning rate ranging from 10−3 to 10−5. Three key hy-
perparameters in our model are set up: the number of Graph
Transformer layers is set to 6; the number of edge-biased
self-attention layers is set to 4; and the embedding dimen-
sion is set to 256. We compare our model with a range of
state-of-the-art baselines: RF (Sun et al. 2021); LSTM (Shi
and Zhang 2021); Bi-LSTM (Xing et al. 2020); TMMOE
(Yuan et al. 2023); MMAE (Do, Han, and Choi 2023); VWC

(Wang et al. 2024); H-LSTM (Liao et al. 2022); P-GHMM
(Li et al. 2024); RFormer (Gao et al. 2023). Notably, the
results for the lane keeping category are omitted in the ex-
periments due to the page limitation. However, this category
is still included in the calculation of overall prediction per-
formance in the following.

Overall Performance
Table 1 exhibits the classification performance on two
datasets and we highlight the best-performing result for each
task on each dataset. We observe that our model consis-
tently outperforms all baselines, achieving an 11.7-12.4%
improvement on average over the best-performing baselines
across the two datasets. Notably, the interaction-aware base-
line (RFormer) also surpasses other baselines in most tasks.
The above observations further evidence that capturing in-
tricate interactions between vehicles is instrumental in lane
change prediction. Moreover, the classification performance
of our model on HighD remains comparable to that on
NGSIM, further manifesting the robustness of dual-view in-
teraction modeling in lane change prediction.

We also investigate the forecast ability of our model,
with the results shown in Figure 3. Our model consis-
tently outperforms all baselines, yielding an average im-
provement of 75.6-95.7% over the best-performing base-
lines across the two datasets. The tremendous progress is
also attributed to the design ethos of dual-view interactions
and exquisite model components. We discover that RFormer
is still the best-performing baseline, indicating that interac-
tion representation is also the hinge of raising forecast ability
in lane change prediction. These observations confirm that
our model effectively serves as an early-warning indicator
for possible lane change maneuvers, further enhancing the
safety of autonomous driving.

Ablation Study
We conduct a thorough ablation study to examine the ef-
fectiveness of individual components of our model in lane
change prediction. The ablation results are presented in Ta-
ble 2. We consider three variants to quantify their impact
on classification performance. Specifically, w/o FI removes
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Method
NGSIM Dataset HighD Dataset

Left Lane Change Right Lane Change Left Lane Change Right Lane Change
Precision Recall Precision Recall Precision Recall Precision Recall

Our Model 97.62% 98.33% 97.27% 97.98% 97.17% 97.02% 96.86% 96.72%
w/o FI 89.04% 88.21% 87.34% 86.59% 87.46% 87.39% 86.21% 85.90%
w/o GT 92.77% 93.05% 92.86% 92.57% 92.38% 92.50% 91.87% 91.46%
w/o EB 95.03% 95.27% 95.10% 95.58% 94.93% 94.87% 94.33% 94.52%

Table 2: Ablation results for different variants on NGSIM and HighD datasets.

Figure 4: Realistic cases of safety-critical lane change sce-
narios from the HighD dataset. Blue, green, and grey tri-
angles denote target, surrounding, and irrelevant vehicles,
respectively. In such cases, the predicted intention of target
vehicles can easily lead to conflict points.

Dataset Model
P-GHMM RFormer w/o FI Our Model

NGSIM 16% 17% 24% 78%
HighD 11% 10% 19% 74%

Table 3: Comparison of prediction performance in safety-
critical scenarios.

the Future Interaction Module and suffers from a marked
degradation in performance, with a decline of 10.5% on both
datasets. This underlines the significance of incorporating
future interactions for lane change prediction. w/o GT and
w/o EB remove the Graph Transformer and edge biases, re-
spectively. These two variants also parade a pronounced ero-
sion of model performance, which signifies the critical role
of both the Graph Transformer and edge biases in capturing
and fusing interactions, respectively.

Investigation into Future Interaction
We display the efficacy of the Future Interaction Module in
safety-aware prediction and noise-resistant robustness.
Safety-aware Prediction. Safety-critical scenarios are of-
ten deemed as corner cases for lane change prediction. As
shown in Figure 4, the predicted intention of target vehi-
cles can simply result in hazardous conflicts since current
lane change prediction models are incapable of interpreting
the psychological activities of human drivers. To more intu-
itively unveil the limitation, we manually label 100 safety-
critical lane change samples in the test set of each dataset
and compare the performance of different models on these
samples. The prediction results are presented in Table 3.
We discover that our model significantly surpasses base-
lines, with nearly 7x the prediction accuracy of the best-

(a) Precision. (b) RHCF .

Figure 5: Robustness analysis of Future Interaction Module
against data noise. LLC and RLC mean left and right lane
changes, respectively.

performing baselines on the HighD dataset. Additionally, we
observe that the w/o FI variant only bears a slight improve-
ment compared to the best-performing baselines. These ob-
servations indicate that modeling perceived safety in future
interactions facilitates the understanding of safety-critical
scenarios, implicitly enhancing the comprehension of social
norms in real-world driving environments.
Noise-resistant Robustness. Data noise is prevalent in au-
tonomous driving, so we apply Gaussian noise to 10% of
training data in each dataset to evaluate the robustness of
our model. As shown in Figure 5, the ability of our model to
resist data noise primarily stems from capturing future inter-
actions. This implies that modeling perceived safety endows
our model with a deliberate consideration of surrounding en-
vironments, enabling it to make sensible predictions.

Conclusion

In this study, we design a dual-view interaction-aware model
aimed at accurate lane change intention prediction. We are
the first to propose modeling future interactions with the
concept of perceived safety. This design ethos not only
boosts lane change prediction accuracy but also informs the
model to socially interpret complex lane change scenarios.
Extensive experiments on two real-world datasets demon-
strate the advancement of our model. To sum up, our find-
ings suggest promising potential for future research, repre-
senting future interaction with perceived safety and integrat-
ing future interaction into various behavior prediction mod-
els for more assured autonomous driving.
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