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ABSTRACT

Autonomous driving depends on successful interactions among humans, vehicles, and roads. However,
people often lack an understanding of autonomous vehicle (AV) behaviours and decisions. Moreover,
AVs have difficulty aligning with human intentions in their interactions. To overcome the obstacles asso-
ciated with the absence of interactive intelligence, especially in complex and uncertain environments, we
introduce the concept of embodied interactive intelligence towards autonomous driving (EIIAD), which
establishes representation and learning methods aligned with the physical world, enhancing human-ma-
chine integration. Building on this concept, we propose an end-to-end unified constrained vehicle envi-
ronment interaction (UniCVE) model, which involves the construction of an end-to-end perception-
cognition-behaviour closed-loop feedback paradigm and continuous learning through accumulated split
driving scenarios. This model realizes interaction cognition through networks designed for pedestrians
and vehicles, and it unifies the cognition as a value network of AVs to generate socially compatible beha-
viours. The UniCVE model is implemented on Dongfeng autonomous buses, which have successfully trav-
elled 22 thousand kilometres and completed 45 thousand navigation tasks in Xiong’an New Area, China,
demonstrating its general applicability in various driving scenarios. In addition, we highlight the high-
level interactive intelligence of the UniCVE model in selected simulated complex interaction scenarios,
demonstrating that it makes AVs more intelligent, more reliable, and more attuned to human relation-
ships. Furthermore, the UniCVE model’s capacity for self-learning and self-growth allows it to infinitely
approximate true intelligence, even with limited experience.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

diverse cultures and regions, broadening the spectrum of interac-
tive cognition needs.

Autonomous driving (AD) is transforming human travel and
lifestyles. The complexity of a realistic driving environment, char-
acterized by the presence of multiple traffic participants, requires
autonomous vehicles (AVs) to be equipped not only with specific
driving competencies but also with a profound capacity for interac-
tive cognition [1-3]. Real-world interactions, such as a pedestrian
waving at a taxi or an oncoming driver signalling to yield, are ubig-
uitous. As AVs increase in prevalence, they will need to adapt to
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The questions of whether AVs can genuinely comprehend
human behaviours and whether people can understand a vehicle’s
decision-making strategy present ongoing interaction challenges
[4-6]. If harmony between humans and AVs is not established,
the reliability of autonomous driving may be doubted. Hence, for
AVs to gain widespread acceptance, they must align with social
norms and demonstrate the abilities to interact, learn, and build
trust. We introduce the concept of embodied interactive intelli-
gence towards autonomous driving (EIIAD), which encapsulates
the crucial cognitive and behavioural intelligence necessary for
AVs to integrate seamlessly into human society.
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Embodied intelligence, defined as the purposeful exchange of
energy and information with a physical environment [7-9], has
been the focus of emerging academic research. Various frame-
works have been proposed to enhance the ability of embodied
intelligence agents to evolve and interact with the real world more
effectively. Computational frameworks, such as deep evolutionary
reinforcement learning (RL) for modeling morphological evolution
[10] and mathematical physics models for soft robots [11], under-
score the importance of environmental interactions, demonstrat-
ing how embodied intelligence evolves through adaptation to
surroundings. Therefore, we propose embodied interactive cogni-
tion, which uses techniques such as cross-modality perception,
machine learning, cognitive computing, and generative artificial
intelligence to construct unified intelligent expressions and learn-
ing methodologies, thereby enhancing machine intelligence and
promoting human-machine harmony [12,13].

As embodied intelligence agents within society, AVs must
engage in bidirectional interactions with their environments,
including humans, vehicles, and roads. Deficiencies in interaction
capabilities, such as the inability to accurately discern pedestrian
intentions, can result in significant traffic issues, as noted in the lit-
erature [14-16]. AD research is confronted with two primary chal-
attaining the level of a human driver's cognitive
interaction, particularly in complex scenarios, and mastering the
human driver’s ability to adapt in real time during unforeseen
emergencies. To address these challenges, AVs must exhibit
advanced embodied interaction intelligence, which is character-
ized by cognitive and behavioural capabilities, such as decision-
making, interaction cognition, and life-long learning [17-19].
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Inspired by Li [20], we propose the concept of EIIAD. This con-
cept can be considered a perception-cognition-behaviour closed-
loop feedback paradigm that enables AVs to continuously con-
struct and optimize mappings between physical and cognitive
spaces through actively interacting with their environments and
gathering feedback (Fig. 1(a)). The driving environment, also
known as the physical space, typically includes a variety of
dynamic and static traffic participants, all of which significantly
influence the driving policies of AVs. Dynamic elements, such as
pedestrians and other vehicles, move on the basis of their own
intentions, leading to a constantly changing environment. Static
elements such as traffic lights and road lanes enforce traffic regu-
lations. The driving brain, which is the cognitive space within
AVs, is used to process information from the physical environment
to generate appropriate driving policies. This brain analyses the
behavioural intentions of pedestrians and other vehicles and deter-
mines the level of attention each requires. For instance, while the
AV will primarily focus on a pedestrian wearing a red top who is
crossing the road, it will continue to observe a pedestrian wearing
a green top standing on the side of the road. The blue vehicle turn-
ing left is marked for attention, while vehicles whose paths do not
intersect with the AVs are deemed safe. For objects that require
high levels of attention, the driving brain formulates corresponding
driving policies. For example, virtual stop fences indicate that the
AV will yield to these objects. Traffic rules are translated into exe-
cutable mathematical formulas that guide the behaviours of AVs.
On the basis of external costs and internal motivations, the driving
brain makes the final decisions and executes driving actions to
ensure socially compatible behaviours.

Embodied interactive intelligence towards autonomous driving
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Fig. 1. EIIAD. (a) Vehicle-to-environment interactions and the proposed perception-cognition-behaviour closed-loop feedback paradigm. (b) Vehicle-to-human interactions.
(c) Vehicle-to-vehicle interactions. LLM: large language model.
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Notably, the interactions between AVs and pedestrians or other
vehicles are distinct. Given the unpredictability and unique com-
munication methods of pedestrians, AVs need to be able to recog-
nize human actions and gestures. However, interactions between
vehicle are focused more on deciphering driving patterns and
behaviours. Thus, we devise separate models to address these dif-
ferent types of interactions within our AD algorithm.

Vehicle-to-human interactions are further divided into inner-
vehicle, outer-vehicle, and remote cloud interactions (Fig. 1(b)).
Inner-vehicle interactions involve real-time engagement with pas-
sengers, whereas remote cloud interactions facilitate online ser-
vices and remote control. Outer-vehicle interactions focus on
understanding and predicting the behaviours of pedestrians and
instructions from traffic officers. Owing to complex traffic condi-
tions, such as adverse weather conditions and varied human beha-
viours, AVs face challenges in recognizing human body language
signals promptly and accurately. To address these issues, we pro-
pose a hypergraph neural network based on multiview spatiotem-
poral features (HGNN-MSTF). This model involves the construction
of high-order semantic associations of human joints, enhancing the
accuracy and robustness of action recognition and behaviour
understanding.

Vehicle-to-vehicle interactions present significant challenges
for EIIAD, which involves effective communication with other vehi-
cles using nonverbal “vehicle language,” such as headlight signals
and speed (Fig. 1(c)). On the one hand, AVs need to predict other
vehicles’ intentions, such as merging or lane changing, to maintain
safety. On the other hand, AVs must actively interact with the envi-
ronment, initiating manoeuvres to enhance traffic efficiency. This
process requires advanced cognitive processing, where AVs inter-
pret behaviours, anticipate future trajectories, and devise optimal
driving strategies to guarantee traffic safety and fluidity.

Mainstream AD approaches include imitation learning (IL) and
RL. IL is simple and efficient, but it relies heavily on expert data,
risking reliability in unfamiliar situations. RL, through trial and
error, involves learning essential driving characteristics, offering
better generalizability and robustness than IL; however, it requires
extensive data collection. To address this issue, Hafner et al. [21]
proposed Dreamer, a RL framework based on a world model that
needs relatively few actual samples [21-23]. Inspired by Hafner,
we propose intervehicle interactions based on a joint trajectory
prediction world model (JTPWM) within the deep RL framework
(JTPWM-DRL). This network builds a world model of AD by jointly
predicting the driving trajectories of AVs and surrounding vehicles.

To manage complex human-vehicle-road interactions, we inte-
grate the interaction cognition model of AVs and humans (HGNN-
MSTF) and environmental constraints into JTPWM-DRL, achieving
an end-to-end unified constrained vehicle environment interaction
(UniCVE) model. Our model features the cognition and decision-
making capabilities of large language model (LLM) assisted AD
algorithms such as LMDrive [24-26], which not only preserves
real-time computational performance but also enhances the cogni-
tive decision-making capabilities of the system.

2. Methods and materials
2.1. Problem formulation

EIIAD enables AVs to become interactive, learning, and self-
growing mobile intelligent agents. It is necessary to construct
perception-cognition-behaviour closed-loop feedback, which can
be systematically formulated with the partially observable Markov
decision process (POMDP). We first define a state space .# to encap-
sulate all possible states of traffic elements in the AD environment,
such as the position and speed of vehicles and pedestrians and the
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road structure. The perception module uses various sensors (such
as cameras and light laser detection and ranging (LiDAR)) to gather
environmental information and recognize key interactive elements.
However, accurate estimation of these states presents significant
perception challenges because of sensor limitations, environmental
uncertainties, and the complexity of interpreting human beha-
vioural intentions from visual cues such as gestures and body lan-
guage, under adverse conditions, such as occlusion and varying
lighting. Owing to sensor noise and occlusions, the AV cannot obtain
all real environmental states. Thus, we express the perception result
as a conditional probability distribution based on the real state:
o: ~ z(0¢|s¢), where ; represents the probability distribution func-
tion, s € ¥ denotes the state, o is the perception result, and the sub-
script t represents the moment (i.e., s; and o, express the state and
perception results at time t, respectively).

The cognition module in this work forms an interaction model
between the vehicle and traffic elements, focusing on understand-
ing pedestrian behaviour, assessing surrounding vehicle intentions,
predicting vehicle and pedestrian paths, and constraining driving
behaviour on the basis of road and traffic signals. However, this
process presents significant cognition challenges as the AV must
predict future states of each traffic participant; hence, it faces
uncertainty, requiring accurate modeling of individual behavioural
patterns and their complex interdependent interactions within the
dynamic traffic environment. Given the uncertainty in traffic par-
ticipant behaviours due to environmental factors, we formulate
the cognition model using conditional probability distributions of

ke /2(5£‘§1|5t,0t>,l<e —0,1,2,...Ke — 1, where

t+1
the superscript denotes the index of the K. variable elements (such
as pedestrians and vehicles) in the environment, with 0 specifically
denoting the AV, and sk | represents the state of the k.th object at
time t + 1. This model predicts the intentions and future states of
other elements on the basis of the current entire interaction envi-
ronment state s;, representing the vehicle’s understanding of the
entire dynamic driving environment over time.

On the basis of the interaction cognition model, the behaviour
module learns a driving policy 7, which represents the action prob-
ability distribution given a state and observation at time ¢, that is,
70(ac|Se, 0 )~ o (a|Se, 0r), where a, denotes the action to be exe-
cuted at time t, 4, denotes stochastic decision-making distribu-
tion. Actions of the AV include throttle, braking, and steering.
After the AV takes an action, the environmental state changes
according to the transition model 7 :Sq r~/(Sei1(St,0r,a;), which
represents the probability of the state at time t + 1 based on the
state, observation, and action at time t. .7 is the underlying
state-transition dynamics of the environment. The information
from the dynamic environment is continuously collected by the
perception module, forming a closed feedback loop. The objective
is to maximize the expected return over a future time horizon H
to find the optimal driving policy 7*(a;|s;, o;). The expected return
is defined as G; = th _oYXT¢,, where k, is the incremental time
step, Tk is the reward at time t+k, the reward function
re~z(r¢|S:) is a probability distribution conditional on the state s;,
and y € [0,1] is the discount factor. We utilize the action value
function q,(s;, o, a;) to estimate the expectation of G; for the exe-
cuted policy 7: q,(St,0¢, @) = Ex(GtlSt, 0r, a;). En is the expectation
taken with respect to the trajectory distribution induced by policy
7. Leveraging the recursive Bellman equation, we ultimately obtain
the optimal policy:

state prediction: s

a; = 7 (Gc|se, 0r) = argmax (1 + yQeyq)
a

(1)

Q1 = /ﬁ(sm IS¢, Or, G )Gy, 1dSt (2)
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where a; represents the optimal action, q;,, represents the optimal
action value at the next time step, q, represents the action-value
function under policy 7, and Q,,; represents the expected state
value at time t + 1. Generating optimal actions that satisfy multiple
competing objectives presents behaviour optimization challenges,
where the AV must balance safety requirements, traffic rule compli-
ance, efficiency goals, and social compatibility expectations while
adapting to dynamic environmental constraints and human beha-
vioural patterns.

To systematically address these interconnected challenges
within our POMDP framework, we propose a UniCVE architecture
comprising three specialized modules. The perception module
employs the HGNN-MSTF to enhance human behaviour recogni-
tion through multiview analysis, the cognition module uses the
JTPWM-DRL to predict future states of traffic participants through
joint trajectory modelling, and the behaviour module implements
unified multiobjective optimization to generate socially compati-
ble driving policies. This tripartite architecture ensures synergistic
integration where perception uncertainty is reduced, traffic partic-
ipant behaviours are accurately predicted, and optimal actions are
generated within the closed-loop feedback paradigm. Each module
directly addresses its corresponding challenge while contributing
to the overall embodied interactive intelligence framework.

qiq = mfx(qn(Sm,Om,am))

2.2. Body language interaction model based on multiview
spatiotemporal hypergraphs

Embodied interactive intelligence relies on robust perceptual
abilities. However, real-world scenarios present challenges for
accurate recognition, such as target occlusion and insufficient
lighting. These perception challenges require accurate human
behaviour recognition, which we formulate as an estimation of
the conditional probability distribution s(b|s), where b represents
the behavioural intention. In this work, we propose a multiview
video data acquisition method, which has better potential consis-
tency and complementarity than static images/single-view video
data, resolving the problem of the lack of adequate action recogni-
tion data in complex scenes. We propose a HGNN-MSTF, which
uses a hypergraph convolution module based on dynamic spa-
tiotemporal attention mechanisms to capture the salient regions
of the target object and its surrounding environment. This model
extracts the features and models the correlations among the spatial
structures and temporal data through deep convolutional net-
works (Fig. 2(a)).

Specifically, we propose two strategies for constructing a spatial
hypergraph, one based on limb components and the other based on
adjacent joints. The spatial hypergraph, which is based on a limb
construction strategy, is denoted as follows:

(4)

where 1P — {’Vﬁ*spa, 1P "//”,L{Spa}. s — {eﬁfspa,eéfspa,

.,e:) and WP represent the vertex sets, hyperedge sets,
and weight matrix of the spatial hypergraph, respectively. Five parts
comprise the hyperedges of the limb spatial hypergraph: the trunk,
left hand, right hand, left leg, and right leg. The mth vertex set

7L in each hyperedge ek, **

L i i yL—
ylospa {vg?an;,’fn v Spa}

L—-spa __ ~L—spa  pL—spa L—spa
e (A i)

can be expressed as follows:
(5)

where p=1,2,..,.P;n=1,2,..,N;i=1,2,...;, m=1,2,...,. M. P, ],
and M denote the numbers of views, nodes, and hyperedges, respec-
tively. vl(f,),, is the ith node in the nth frame of the pth view.
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Given that each video sequence contains N frames, we construct
N spatial multiple hypergraphs. For each nth spatial hypergraph,
the following equation can be considered:

gﬁ—spa _ (nt/.ﬁfspa7 énﬁfspa, Wﬁ—spa) (6)
where n ranges from 1 to N and is based on the limb construction
strategy. The initial incidence matrix of each spatial hypergraph is
defined as follows:

(i) L—spa
HL—spa v(i) eL—spa —_ 1 Upn € €mn (7)
n pnFmn ) (i) & HL-spa
0 Upn ¢ €mn

where el 3P represents the mth hyperedge in the nth spatial hyper-

graph. The diagonal matrices of the hyperedge degree and vertex
degree are represented by D} P and D! ™, respectively. The
Laplace matrix G-~*, which integrates high-order semantic infor-
mation, is generated according to the incidence matrix H- ", which
is formulated as follows:

-1/2 -1/2

Gﬁ—spa _ Di—spa Iiﬁ—spaW:_‘l—spaDlé—spa’1 (le_]—spa>TDL—spa
n n

Un

(8)

We propose a different type of spatial hypergraph based on the
adjacent joint construction strategy. Each nth spatial hypergraph
can be denoted as follows:

G (v e W) (9)

where n ranges from 1 to N and is constructed on the basis of the
adjacent joint construction strategy. The Laplace matrix G, " is
generated according to the incidence matrix H/,*"* and is formu-
lated as follows:

J-spa _ py—spa—1/2 i J— _spa=1/yyg—spa\ " yo/_spa—1/2
Gn spa _ D]y"spa I_I]n spawn spaD{?”spa (Hﬁ spa) D]U"spa (10)
where D{~P* and DJ*® represent the diagonal matrices of hyper-
edge degree and vertex degree, respectively.

We construct a temporal hypergraph by grouping sequential

frames from the same view. Given P views, we form P temporal
hypergraphs. Each pth temporal hypergraph is denoted as follows:

t -t QL T
g}pem — (Vpe1n7épem7wpem) (1-1)
where 7™, £™, and Wffm are temporal nodes sets, temporal
hyperedges sets, and hyperedge weight matrix, respectively.

The initial incidence matrix of each temporal hypergraph is
defined as follows:

(i) tem
HEM () otem) _ 1 Upn €y 12
p pn>=mp ) (i) tem ( )
0 Upn & €np

where e} represents the mth hyperedge in the pth temporal
hypergraph. To capture the high-order semantic information
between different sequences of human body joints, the Laplace
matrix G;em is generated according to the incidence matrix H;fm is
formulated as follows:
T

GItJem _ Dypl/ZHltJemW;emDepl <H;em> Dypl/z (13)
where D,, and D,, are the diagonal matrices of vertex and hyper-
edge degree, respectively.

Expanding on the foundation of spatial and temporal hyper-
graphs, we incorporate a dynamic spatial attention mechanism to
extract features from dynamically significant regions of interest.
We then introduce spatial, temporal, and spatiotemporal hyper-
graph neural networks. These networks are designed to learn
high-order semantic associations from temporal and spatial
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Fig. 2. Models contained in EIIAD and their interconnected relationships. (a) Body language interaction model based on a spatiotemporal hypergraph (HGNN-MSTF) that
processes multimodal sensory inputs to extract human behavioural features and interaction intentions. FC: fully connected. (b) Intervehicle embodied interaction based on a
JTPWM-DRL that leverages environmental dynamics to predict future vehicle trajectories and assess potential collision risks. (c) End-to-end UniCVE model that serves as an
integration framework that can systematically combine outputs from the HGNN-MSTF and JTPWM-DRL modules. Specifically, the UniCVE model incorporates human
behaviour understanding from the perception module and trajectory predictions from the cognition module into a unified reward function structure within the RL actor-
critic framework, enabling the generation of socially compliant and safety-aware driving policies through continuous multimodal information fusion and constraint

optimization.
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human actions, effectively addressing the issue of inaccurate
recognition due to indeterminate information. The feature matrix
of the vertices is denoted X; we employ Laplacian matrices
GLha G G;e"‘. and self-connection features I to capture high-
order semantic information [40].

Upon training the aforementioned hypergraph neural networks,
we derive the spatial hypergraph features f,,, temporal hyper-
graph features fimpora» and spatiotemporal hypergraph features
f«- The features are then concatenated to yield the final features

f € RUPDHNXD+N+P)xDxC (14)

where C’ is the updated dimension.

We use the softmax function to compute the probability value
of behaviour prediction, with the action category with the maxi-
mum probability value being the final prediction result. To opti-
mize the proposed framework, we use cross-entropy loss for
supervision during training. The cross-entropy loss is computed
by adding a trainable linear layer to the final representation f.
Mathematically, this parameter is expressed as follows:

r

> vlog &
L=-> ylog——+
P ZuQ:1ef“

where L is the loss function, y, is the true feature label, and Q is the
number of classes.

(15)

2.3. Intervehicle embodied interaction based on the JTPWM

AD is a typical long-horizon task. For instance, an autonomous
bus usually spends several minutes to half an hour executing a
sequence of actions to travel between two stations. The driving
behaviour of the AV at each moment can influence its own future
state and that of surrounding vehicles. Conversely, potential future
interaction scenarios among vehicles can constrain the current
driving decisions of AVs. Hence, AVs must rapidly and thoroughly
evaluate the potential risks and benefits of different strategies over
an extended future period to make informed decisions. The length
of the prediction time window affects the assessment of risks and
benefits. For example, in terms of collision risk, a shorter prediction
window might cause a delay in the AV’s emergency braking
response. To capture these complex temporal dependencies, it is
necessary to accurately model the system transition dynamics
(i.e., Sey1~ze(Ses1(St, 0¢, a¢) defined in Section 2.1).

To equip AVs with far-sighted prediction capabilities in realistic
complex interaction scenarios, we construct a world model based
on joint trajectory prediction to characterize the cooperative inter-
action among AVs and surrounding vehicles. On this basis, we
design an intervehicle embodied interaction network based on
the JTPWM-DRL. Our novel actor-critic method leverages the pre-
dicted trajectory generated by the world model to update the critic
network Q,(s¢,a;) to approximate the action value function
qx(St,0¢,a;) and actor network I7,(a|s¢, o) to estimate the driving
policy m(a,|s;,0¢); 0 and ¢ are learnable parameters (Fig. 2(b)).

The world model involves the construction of a compressed
internal representation of the environment and the prediction of
its evolution [8]. Our world model accurately represents vehicle
interactions by predicting the joint trajectory probability distribu-
tion among multiple vehicles, thereby enhancing the embodied
interactive intelligence of AVs. We argue that vehicle interactions
are manifested mainly in interdependent driving trajectories.
Unlike world models that generate images or videos, our model
captures finer interaction features by concentrating on vehicle tra-
jectory prediction and actively omitting elements that are irrele-
vant to interactions, such as distant buildings. Assuming the
current time t = 0, a predicted trajectory can be expressed as a ser-
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ies of states within a future period H: T = {s1,S3, ...,y }. In a driving
environment with R vehicles, a potential vehicle interaction sce-
nario 7 is defined as the set of predicted trajectories of the vehi-
cles: 7 = {70 7',..,t®'}. Owing to interaction uncertainties,
there may be multiple future interaction scenarios, each with a
probability of 4(7) = 4(z°1',...,T®1). To improve the learning
efficiency, ]TPWM-DRL estimates the long-term return with the
predicted scenarios instead of learning the results by trial and
error. The estimated return is computed as follows:

M

Qu(sa) =Y 4(7)G(7)

i=1

(16)

where .# denotes the number of potential scenarios and the sub-
script w represents that the value is estimated with the world
model. G(-) denotes the cumulative discounted return obtained
along a sampled trajectory. We update the 0 of Q,(s;,a;) by mini-
mizing the critic loss function %, which represents the difference
between the estimated action state value and the expected return
of possible future scenarios, as follows:

Zc = minE[(Q(s:,a) — Quis:, )] (17)
where E(-) stands for expected value.

We then update ¢ of IT, by maximizing the soft action value
loss function #, as follows:

La = m¢ax E[Qq(st, a:) — log (ITy(aclss, 0:))] (18)

Specifically, we design a JTPWM through a transformer network
based on the cross-attention mechanism (Fig. 2(b)). The perception
model employs the TrackEncoder and MapEncoder to encode the
states of the surrounding vehicles and map environment, respec-
tively. To establish the interaction relationship between the AV
and social vehicles, we use the encoded states of the AV and social
vehicles as queries, namely, the AV Query and Vehicle Position
Query. The encoded map environment is used as both the key
and the value. Given a dataset 2, we train the world model by min-
imizing the negative logarithm of the joint trajectory likelihood:
mh_in > o —log {7 |2, Kk}, where K is the parameter of the world

model.
2.4. End-to-end UniCVE model

The realistic interactive environment is composed of AVs,
pedestrians, surrounding vehicles, and road structures. To handle
such complex situations, we develop the end-to-end UniCVE model
by formulating interaction intentions and rules as unified rewards
and soft constraints in the RL actor—critic framework. Specifically,
by expanding upon JTPWM-DRL, we build a cross-modal struc-
tured hypergraph neural network based on HGNN-MSTF and rec-
ognize traffic rules using map segmentation features. We further
enhance the cognitive and decision-making capabilities of the
model by inputting human knowledge from a LLM into our real-
time AD interactive intelligence model through tailored reward
functions. By incorporating multiple perception and cognition
results through a unified reward function framework, we solve
for the optimal policy 7*(a|s, o) that generates driving behaviours
that simultaneously satisfy safety requirements, traffic regulations,
and social compatibility expectations. This approach ensures that
our model delivers instant responsiveness while remaining adept
at understanding the complex interactions within the world
(Fig. 2(c)).

We unify multiview and cross-modal perception information in
the Bird’s eye view (BEV) space, with the vehicle centre serving as
the origin of the coordinates. This space provides a comprehensive
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representation of the surroundings, including static elements such
as lane structures and dynamic elements such as other vehicles
and pedestrians. We utilize TrackEncoders, including the
VehicleTrackEncoder and HumanTrackEncoder, for object detec-
tion by extracting features such as the position and speed of traffic
participants. Concurrently, MapEncoder extracts map features to
segment driving environment areas, including lane lines and
zebra crossings. Note that in our network, the TrackEncoder and
MapEncoder can be implemented with any object detection and
map segmentation model; therefore, we utilize the outputs of
the corresponding modules in the Learning from All Vehicles
(LAV) [38] as the encoding features.

We jointly train the BEV features through an object detection
task and a map segmentation task. Specifically, we utilize point
painting to fuse cross-modal data of multiview images and point
clouds and extract features through PointPillars [39]. This results
in the basic cross-modal BEV features F e R&#*Y that describe
the environmental information around the AV, where C denotes
the dimension of the BEV features, and H and W represent the
height and width of the BEV grids, respectively. We reshape F to
F' = {F1,...,Fuw} € R™®*Y for easier indexing. On the basis of F/
we dynamically select Y important grid regions g, ...,gy, poten-
tially occupied by important objects such as pedestrians, buildings,
and vehicles. We design the important region proposal function
G(-) by selecting the elements of F with the top-N L2-Norm values:

818y = G(F) =Topk(|[F1ly. ... [Frwl;)

where Topk() denotes the operator that selects the indices of the k
largest L2-Norm values from its input.

To capture the contextual information between different
regions, we further construct a hypergraph 4 = {¥r, &r}, where
7R ={vsJa=1,..,Y} and v, represents the ath region g,. The

vertex features Fig = {Fgﬂ...,Fg_f} are BEV features in the corre-

sponding regions. To construct the hyperedge set &, we connect
vertices with closed semantic relations by using K-nearest neigh-
bor (KNN) on the feature space:

Ewr = { s, YV € KNN(0,)| 0o, vp € ¥R} (19)
The association matrix Hig of the hypergraph is as follows:

1 Uy € €
0 U, ¢ eg

where e is the pth hyperedge. On the basis of %g, the AV learns the
high-order relationships between different regions and extracts
semantic features with multiple convolutional layers as follows:

HIR(Vva,Ve,,) = { ,E/; S (o@m (20)

FiD — F 4 5 (A) (21)
-1/2,(1 1 D=1, T, () y=1/2,(1 (1
A= DIR.1/1 'OHER)WODIR,é()HIR()DIR.{/ (>F§]20() (22)

where FI(Q is the vertex feature of the Ith layer of the hypergraph,
a(-) is the activation function, and D, and D\, are the diagonal
weights of the vertex degree and hyperedge degree in the Ith layer
of the hypergraph, respectively. HI(Q is the association matrix of the

Ith layer of the hypergraph, and W and 6% are the learnable hyper-
edge weight and vertex weight in the Ith layer of the hypergraph,
respectively. Through this method, we continuously select signifi-
cant regions and propagate the hypergraph to obtain context-
based BEV features.

With context-based BEV features, we construct interaction cog-
nition models of AVs with pedestrians and surrounding vehicles
and obtain a semantic understanding of road traffic rules. The
HGNN-MSTF recognizes the intentions of pedestrians, such as
crossing the road or making a roadside request to board the car,
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by considering both their positions and body language. For the
interaction among AVs and surrounding vehicles, we utilize the
proposed JTPWM to predict trajectories. Our implementation is
based on the LAV'’s trajectory prediction module [38]. In addition,
the traffic rule recognition operator uses traffic semantic features
generated by the map encoder to recognize traffic rules, such as
stopping at red lights and not occupying bus lanes from 9 am to
5 pm.

Similar to the approach in JTPWM-DRL, where the predicted
trajectories of vehicles are utilized to estimate the action state val-
ues of the AV, we regard the pedestrian intention and traffic rules
as constraints by designing specific reward functions. For example,
if there is a red light | metres ahead of an AV, it is penalized if it
moves forwards more than | metres. Assuming that the position
of the AV at this time is (x =0 m, y = 0 m), the reward function
specific for traffic rules r.(s) can be expressed as follows:

~1000,if {/x2 +y2>1

where x; and y, represent the coordinates of the AV. In this manner,
the AV can calculate the optimal strategy through understanding
the comprehensive interaction relationship with the overall
environment.

In addition, we input the driving strategy of the LLM-based AD
model LMDrive [24] into our AD model, addressing the challenge of
deploying LLM on real-time platforms. LMDrive receives multiview
and multimodal perception signal inputs and yields a series of con-
trol instruction outputs under the guidance of text navigation or
text reminders. These control instructions ultimately form a plan-
ning trajectory 7. We use this trajectory as a reference trajectory
and penalizing trajectories that are largely different from it. This
difference is formulated with a reward function specific to the

re(s) (23)

LLM r((s,7) = —w||T — %Hz, where w represents the weight parame-
ter. In general, the reward function of the critic network consists of
four parts: r = ry, + 1, + 1 + 1, where r,, 1, 1, and 1y are related to
the basic reward items of the driving tasks, pedestrian intentions,
traffic rules, and the results of the LLM, respectively. This design
enables our AD system to better understand and adapt to complex
driving environments.

In summary, the end-to-end perception-cognition-behaviour
network realizes the core idea of embodied interactive intelligence,
that is, the unity of knowledge and action, which perceives and
influences the surrounding physical or social environment through
embodied behaviour interactions. Embodied interactive intelli-
gence will eventually be ubiquitous and omnipotent, similar to
the self-driving vehicles and humanoid robots we see everywhere
today.

3. Results and discussion
3.1. Experimental setup

To fully evaluate EIIAD, we designed an experiment in which an
autonomous bus had to navigate a long distance to safely transport
passengers. During operation, the bus boarded hailing passengers
and bypassed stops if not needed. En route to the next stop, the
bus encountered a series of interaction scenarios, such as changing
lanes, unprotected left turns, narrow road encounters, and pedes-
trians signalling for precedence at crosswalks during traffic light
changes. As shown in Fig. 3, we conducted experiments on a
Dongfeng autonomous minibus equipped with 4 NVIDIA Orin-X
chips (167 TOPS each, NVIDIA, USA), 6 LiDAR sensors (Hesai,
China), 7 cameras, and 2 millimetre-wave radars, achieving an
end-to-end inference latency of approximately 60-100 ms depend-
ing on the driving scenario. Our AD system achieves approximately
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Fig. 3. Dongfeng AD bus navigation task. GPS: Global Positioning System.

26 000 km per disengagement, demonstrating competitive perfor-
mance that positions us favourably among industry leaders accord-
ing to the 2024 California DMV disengagement reports.

For comparison with the SOTA models, we conducted compara-
tive experiments on the CARLA simulation platform (Computer
Vision Center, Spain). The evaluation criteria included two task-
level metrics: the success rate of picking up passengers and the
rate of safe arrivals. Additionally, a scene-level metric was
included: the collision rate between vehicles and pedestrians.
Finally, we incorporated scores from a user study that corre-
sponded to the perceived level of intelligence.

The following sections present our experimental results in three
parts: D vehicle-to-human interaction intelligence shown through
recognizing and understanding human actions in various contexts;
@ vehicle-to-vehicle interaction intelligence exhibited in three
complex interaction scenarios, for example, narrow road encoun-
ters, overtaking and lane changes, and unprotected left turns
against oncoming traffic; and @ vehicle-to-environment interac-
tion intelligence demonstrated by the overall performance of the
autonomous bus in the navigation task.

3.2. Embodied interactive intelligence: vehicle-to-human

AVs often encounter complex road conditions in open scenarios.
For effective human vehicle interactions, it is imperative to
promptly and accurately discern the intentions of pedestrians on
the basis of diverse contexts. This recognition and differentiation
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of pedestrian behaviour is critical for ensuring the safe and effi-
cient operation of a vehicle. The proposed action recognition algo-
rithm—a HGNN-MSTF—captures the spatial and temporal features
of key joints on the human skeleton and combines contextual
semantic information; this algorithm is an extension of our previ-
ous work [27]. We first validate our method’s performance on a
self-collected cross-modal human behaviour dataset for AD
(CMHBD-AD) [28], verifying our algorithm’s ability to understand
pedestrian intentions in various AD scenarios; to better contextu-
alize the uniqueness and relevance of our proposed CMHBD-AD
dataset, we created a comparative summary with the widely used
NTU-RGB+D dataset, as shown in Table 1 and Fig. 4. Afterwards, we
demonstrated the wide applicability of our algorithm on the public
NTU-RGB+D dataset to record daily human actions [29]. Overall,
our HGNN-MSTF method outperforms current methods on the
NTU-RGB+D dataset and achieves the best results on the
CMHBD-AD dataset. Experiments were conducted on only one
4090Ti GPU (NVIDIA, USA) using the stochastic gradient descent
(SGD) optimization algorithm with a momentum of 0.9, a weight
decay of 0.0004, a training iteration of 100, a learning rate of
0.05, and a sliding window that extracted 40 frames every 5 s for
training.

3.2.1. Vehicle-to-human interaction cognition based on the context of
scenarios

In real-world scenarios, pedestrians may exhibit the same
actions (such as waving) in different environments (such as by
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Table 1
Comparison between the CMHBD-AD and NTU-RGB+D datasets.
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Aspect CMHBD-AD

NTU-RGB+D

Application scenario

Modalities

Camera views

Number of behaviour
classes

Subjects

Total dataset size

Image samples

Point cloud samples

Scene diversity

Notable strengths

AD (real-world pedestrian behaviour understanding)
Red-green-blue (RGB) video and LiDAR point clouds
Three views (left, centre, and right)

8 classes (AD-specific pedestrian behaviours)

Real pedestrians in outdoor driving environments
~60 GB (50 GB video + 10 GB point cloud)
150000+ raw images; 50000+ annotated images
~4000 raw; ~2000 annotated

behaviour modeling

Campuses, intersections, parking lots, day/night, and varying lighting
Multiview, multimodal, robust under occlusion/low-light, and emergent

Indoor daily human action recognition

RGB video, depth maps, skeleton data

Three fixed viewpoints (cameras 1, 2, and 3)
60 classes (general daily human actions)

40 volunteers performing predefined actions indoors

56 880 video samples

~56 000 labelled video clips

Not available

Indoor environments only

Rich behaviour types; skeletal and depth information for
action modeling

Point cloud

Point cloud

Point cloud

Image

Fig. 4. Visualization of the cross-modal human behaviour dataset for AD and snapshots from simulation experiments of various interaction scenarios and corresponding
statistical results. (a, b) pedestrian waves to vehicles from the road during the (a) day and (b) night. (c, d) pedestrian waves to vehicles by the roadside, again in both (c)

daytime and (d) nighttime settings.

the roadside or on a zebra crossing), expressing different beha-
vioural intentions (Fig. 5). We model the probability distributions
of actions and human positions through the action recognition net-
work and the position detection network, respectively. Combined
with road areas from the map segmentation network, pedestrian
intentions are expressed through joint probability distributions
in specific areas. For example, in the process shown in Figs. 5(a-i)
and (a-ii), when a pedestrian waves at the roadside, our system
demonstrates embodied intelligence through the following cogni-
tion behaviour cycle. Specifically, the human behaviour cognition
module takes the environmental state as the input and produces
the probability distributions for the recognition results as the out-
put; the formulation is 4(recognition|s) = f,(s), where 0 represents
the parameters of the network and s represents the environmental
states. The probability of a pedestrian waving is calculated as
(b =wave) = 0.92, where b represents the recognition result of
pedestrian actions, while the probability of a pedestrian standing
at the roadside is determined as /(pos C Reu,) = 0.89, where pos
represents the position of the pedestrian in the environment and
R.up represents the roadside area. Combining the results of action
recognition and the environment, the AV analyses the joint
probability of a pedestrian waving at the roadside as
/(b =wave, pos CR.) = 0.82, indicating that the pedestrian
intends to take a ride. In response to this interpretation, our
system generates an appropriate behavioural reaction with
7(@on = —0.9m:s2) = 0.87 and y(a,c = 15.2°) = 0.78 (a,n is longi-
tudinal acceleration, and aj, is lateral acceletation, enabling the
vehicle to simultaneously apply a moderate deceleration of
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0.9 m-s~2 while executing a 15.2° steering angle to change lanes
and reach the pickup location.

Conversely, when the same waving gesture occurs in a different
context, such as at a crosswalk where /(b =wave) = 0.97 and
/(S CRerosswaik) = 0.94, the joint probability (b = wave,
S C Rerosswaik) = 0.91 indicates a yielding request rather than a
pickup intention. Rcsswaik represents the zebra crossing area.
Our embodied system responds accordingly to s (apen =
—1.5ms2) = 0.95, causing the AV to stop 2.0 m before the cross-
walk and maintain position until the pedestrian crosses safely. This
context-sensitive cognition and behaviour capability demonstrates
the embodied nature of our system, where identical actions trigger
different behavioural responses based on the environmental
context.

Similarly, in the process shown in Figs. 5(a-iii) and (a-iv), when
a pedestrian crosses the road on a zebra crossing, the traffic light
controlling the vehicle turns from red to green, the pedestrian
waves to signal the AV to stop and yield to the pedestrian, and
the AV analyses the probability of a pedestrian waving on the zebra
crossing as (b = wave,s C Rerosswaik)- These findings show that
environmental information is crucial for understanding human
behavioural intentions. To achieve a more accurate understanding
of behaviour, we have verified this process when fully navigating
the task of picking up passengers with our autonomous bus.

We compared our proposed method on the CMHBD-AD dataset
with SOTA methods, including the graph convolutional neural net-
work (GCN)-based method MST-GCN [30] and the hypergraph
GCN (HGNN)-based methods HyperGNN [31], 2s-AGCN [32],
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Fig. 5. Complex vehicle environment interaction scenarios. (a) Pedestrian waving under different scenarios. (a-i)-(a-iv) Sequential timesteps of AV interaction based on
context-dependent behavior recognition. (a-v) Action recognition performance comparison on CMHBD-AD dataset. (b) Narrow road encounter. (b-i)-(b-iv) Sequential
cooperative yielding interaction. (b-v) Distance-velocity profiles with interaction phase annotations (timestamps a-d correspond to (b-i)-(b-iv)). (c) Overtaking and lane
change. (c-i)-(c-iii) Sequential overtaking maneuver with interactive decision-making. (c-iv) Time head way (THW) profiles with Vehicle 1 (red) and Vehicle 2 (green) during
lane change (timestamps a-c correspond to (c-i)-(c-iii)). (d) Unprotected left turn against oncoming traffic. (d-i)-(d-iii) Sequential interactive decision-making based on
right-of-way calculation. (d-iv) Time to intersection (TTI) profiles for oncoming vehicles, AV velocity (purple), and yield-overtake switch TTI (gray dashed line) (timestamps

a-c correspond to (c-i)-(c-iii)).

MS-G3D [33], CTR-GCN [34], and HGNN [35] (Fig. 5(a-v)). The
results indicate that our approach surpasses other algorithms in
tasks that only require recognition of actions, and it demonstrates
superior efficacy in identifying interaction intentions across vari-
ous contexts. This finding underscores our method’s enhanced
ability to discern interaction intentions that are contingent upon
the context.

3.2.2. Human action recognition based on high-order semantic
relationships

In addition to excelling in CMHBD-AD, our HGNN-MSTF model
matches the performance of state-of-the-art models but with rela-
tively few parameters. Specifically, this model constructs a spa-
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tiotemporal hypergraph with a dynamic attention mechanism to
capture high-order semantic feature relationships. We used the
NTU-RGB+D dataset, which encompasses a wide range of daily
human actions, to validate the robustness of the HGNN-MSTF. This
dataset includes 60 types of behaviours performed by 40 volun-
teers from three camera views. We conducted two types of evalu-
ations: D cross-performer evaluation (X-sub), where training data
come from 20 subjects and test data come from another 20, and @
cross-view evaluation (X-view), where training data come from
camera views 2 and 3 and test data come from camera view 1.
Our experimental results corroborate our previous work [27], in
which the HGNN-MSTF achieved accuracies of 91.2% on X-sub and
96.5% on X-view, demonstrating its strong cognition capabilities.
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This model matches the performance of the GCN-based models
while reducing the number of parameters by 5.4% and 81.6% com-
pared with the MST-GCN and Dynamic GCN models, respectively,
thus improving the computational efficiency. Compared with the
STH-DRL, the HGNN-MSTF improves the X-sub evaluation bench-
mark by 0.4% [36]; it improves the X-view evaluation benchmark
by 0.7% relative to the HyperGNN. In addition, we conducted abla-
tion experiments of the HGNN-MSTF to demonstrate that jointly
extracting spatial and temporal features benefits the action recog-
nition task, achieving better performance than models with either
spatial or temporal hypergraphs, as shown in Fig. 6(a).

3.3. Embodied interactive intelligence: Vehicle-to-vehicle

We propose a JTPWM-DRL to facilitate the interaction of AVs
with surrounding vehicles in accordance with social norms. In this
section, JTPWM-DRL is compared with SOTA algorithms across
three complex interaction scenarios chosen from the autonomous
bus navigation route. We used two typical indices to monitor the
interaction states between vehicles. The first index is the time to
intersection (TTI), which refers to the time from a vehicle to a path
intersection point (Fig. 6(b)). The second index is the time head-
way (THW), which refers to the time gap between two vehicles
travelling in the same direction (Fig. 6(b-i)). Both indices indicate
how a vehicle perceives and responds to the dynamics of its sur-
rounding traffic conditions, for example, the interaction states.
Detailed scenario descriptions are provided in the following
sections.

3.3.1. Narrow road encounter

Encountering involves two or more vehicles travelling in oppo-
site directions interacting and cooperating to pass through a par-
ticular point. Vehicles must adhere to relevant regulations and
yield promptly and reasonably. The interaction between AVs and
oncoming vehicles when obstacles are encountered ahead on a
narrow road is shown in Fig. 5(b). The AV needs to take a detour
to avoid obstacles, but owing to its line of sight being blocked,
it does not notice a green vehicle driving on the opposite side
(Fig. 5(b-i)). After discovering the green vehicle, the AV stops to
make space, allowing the other vehicle to go first (Fig. 5(b-ii));
then, the AV takes a detour to bypass obstacles and drive back to
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its original lane (Figs. 5(b-iii) and (b-iv)). This scenario demon-
strates the excellent adaptability and the coordinated interaction
capabilities of AD when unforeseen events are encountered. The
relationships between the distance and speed of AVs and vehicles
driving in the opposite lane in the narrow-road scenario and the
interaction process are shown in Fig. 5(b-v). The red curve repre-
sents the changes in the distance between the AV and the vehicle
driving in the opposite lane. The green curve illustrates the velocity
profile of the AV. a, b, ¢, and d correspond to the timestamps refer-
enced in the subplots of Figs. 5(b-i)-(b-iv). Start represents the
starting phase of the AV, Yield represents the deceleration phase
of the AV to yield to oncoming vehicles, Stop represents the park-
ing phase of the AV, and Acceleration represents the acceleration
phase of the AV through narrow roads.

3.3.2. Overtaking and lane change

During operation, AVs encounter a variety of scenarios, such as
obstacles in the path and slow-moving vehicles ahead. These situ-
ations often necessitate manoeuvres such as overtaking and chang-
ing lanes. Fig. 5(c) illustrates that when encountering a slow car
ahead, the AV successfully overtakes and merges into the faster
lane by predicting the trajectory of adjacent white vehicles and cal-
culating the right of way (Figs. 5(c-i) and (c-ii)). Then, following the
same process, the AV bypasses the slow black car ahead and
returns to its original lane (Fig. 5(c-iii)). The characteristic of this
scenario is that AVs need to continuously calculate the right of
way and adopt efficient embodied strategies to perform reasonable
overtaking and lane change manoeuvres. The THW and lane
change decisions of the AV, the leading vehicle, and the following
vehicle during overtaking and merging are shown in Fig. 5(c-iv),
illustrating the interaction process. The red curve represents the
THW profile of the AV with respect to the leading vehicle. The
green curve portrays the THW profile of the AV with the following
vehicle in the adjacent lane. a, b, and c correspond to the times-
tamps referenced in the subplots of Figs. 5(c-i)-(c-iii).

3.3.3. Unprotected left turn against oncoming traffic flow

The embodied interaction intelligence of vehicles is manifested
in complex situations such as unprotected left turns. At an unpro-
tected intersection, a traffic light controls the behaviour of both
left-turning (AVs) and oncoming vehicles simultaneously. AVs

. e
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Fig. 6. (a) Ablation results of the HGNN-MSTF model. The HGNN-SPA model has only spatial hypergraphs, whereas the HGNN-TEM model has only temporal hypergraphs.
The HGNN-MSTF model is a complete model with both spatial and temporal hypergraphs. (b) Illustration of time to intersection and time headway. (b-i) A vehicle to a path
intersection point; (b-ii) two vehicles travelling in the same direction. »; and 2, represent velocities of cars respectively. d represents the distance between two cars as shown
in the figure. (c) Vehicle-to-vehicle interaction experiment. The basic interaction scenarios include following a car in a straight line, navigating lane changes, and making right
turns. The complex interaction scenarios include narrow road meetings, overtaking and merging, and unprotected left turns facing oncoming straight traffic. The InterFuser is
a cross-modal end-end AD navigation algorithm [37], and the LAV is an SOTA of the IL AD algorithm [38]. RC: the route completion; DS: driving score.
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need to find the right of way for left turns amidst busy oncoming
traffic while ensuring that there are no collisions with other vehi-
cles. Our AV efficiently and safely completes a left turn by right-of-
way calculation and strategy optimization amidst oncoming traffic,
as shown in Fig. 5(d). Upon entering the intersection, the AV
detects two oncoming vehicles and predicts their imminent cross-
ing. Thus, the vehicle slows to yield (Fig. 5(d-i)). During the yield-
ing process, another oncoming car appears. The AV anticipates a
safe crossing before the car (Fig. 5(d-ii)). Noticing the car’s deceler-
ation and recognizing that the AV has the right of way, the AV con-
tinues to accelerate (Fig. 5(d-iii)). Finally, all the vehicles pass
through the intersection safely and efficiently. In this scenario,
with JTPWM-DRL, the AV can actively shuttle among traffic flows
while ensuring safety. The interaction decision made by the AV
based on the TTI of oncoming vehicles during an unprotected left
turn is shown in Fig. 5(d-iv). The purple curve shows the AV’s
velocity profile. a, b, and ¢ correspond to the timestamps refer-
enced in the subplots of Figs. 5(d-i)-(d-iii). The grey dashed line
represents the yield-overtake switch TTI. When the TTI is less than
the switch TTI, the AV yields, and when the TTI is greater than the
switch TTI, the AV overtakes.

3.3.4. Vehicle-to-vehicle interaction experiment results

We evaluated AD models on basic interaction scenarios in
TownO05 provided by the CARLA simulation platform to study
vehicle-to-vehicle interactions. Additionally, we established the
three aforementioned complex interaction scenarios for further
examination. The experimental results are shown in Fig. 6(c). In
the experiment, we use two metrics from the CARLA leaderboard:
(D the route completion (RC) rate, which is the percentage of the
actual driving distance of the AV to the prescribed route length
(i.e., if the AV deviates from the prescribed route or does not yield
to emergency vehicles as required during driving, then this part of
the driving distance is not included in the calculation of the RC),
and @ the driving score (DS), which is the product of the RC rate
and the penalty coefficient for various violations. Violations
include collisions with other traffic participants and the running
of red lights, and each violation corresponds to a different penalty
coefficient. For example, given a driving route of length 1000 m, if
the actual path driven by the AV is only 900 m of the prescribed
driving route, then RC = 90. During the driving process, if the AV
has a collision with a pedestrian (penalty coefficient of 0.5) and
runs a red light (penalty coefficient of 0.7), then the final DS is
DS=90x0.5x%x0.7=315.

The experimental results demonstrate that our method
achieves the highest RC for basic interaction scenarios, surpassing
InterFuser by 4% and LAV by 0.95%. Furthermore, our method
stands out in complex interaction scenario experiments, outper-
forming LAV and InterFuser by 9.88% and 3.56% in terms of RC,
respectively. In terms of DS, our method scores 30.4% and 20.1%
higher than LAV and InterFuser, respectively.

3.4. Embodied interactive intelligence: Vehicle-to-environment

We designed a navigation task for autonomous buses to pick up
passengers, aiming to evaluate the interaction capabilities of AD
models in complex environments involving humans, vehicles,
and roads. Along the route, the AV experienced five sequential
interaction scenarios: (D unprotected left turn against oncoming
traffic flow; @ picking up passengers waving at the bus stop; @
narrow road encounter; @ yielding pedestrians waving at the
crosswalk; ® overtaking and lane changing. In our experiments,
we examined a scenario in which multiple buses stop at a single
station. To enhance operational efficiency, the bus only came to a
halt when passengers wave to signal their intention to board.
The evaluation metrics included the RC of the total route, the aver-
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age DS of the scenarios, the number of collisions, and whether the
AV could successfully pick passengers if they waved at the bus
stop. We proposed the end-to-end UniCVE model and compared
it with the SOTA models. As illustrated in Fig. 7(a), the UniCVE
model achieved an RC of 100 and the highest DS of 83, which
exceeded those of the LAV and InterFuser models by 60.8% and
90.9%, respectively. Furthermore, our approach successfully
avoided collisions. The low variance in our results (variance
1.32 for DS, variance = 0 for RC) compared with the baseline meth-
ods demonstrated superior stability across different experimental
conditions.

We conducted a user study employing a questionnaire to eval-
uate the interaction intelligence of various algorithms in complex
scenarios, as depicted in Fig. 7(b). For this study, participants were
shown videos of all the simulated interaction scenarios encoun-
tered along the navigation route. In these videos, the AV was
equipped with different AD models, including LAV, InterFuser,
and our UniCVE. Participants were not informed about the under-
lying AD models used in the simulations. They were asked to rate
their level of agreement with a series of predefined statements on a
scale from O to 10. The scoring was as follows: 0-2 indicated
“strong disagreement,” 3-4 indicated “disagreement,” 5-6 indi-
cated “neutrality,” 7-8 indicated “agreement,” and 9-10 indicated
“strong agreement.” The statements were designed to gauge vari-
ous aspects of embodied interactive intelligence, namely, @D inter-
pretability: I can always understand the car’s decision; @ safety: [
would feel safe riding in this car; @ smartness: I think the car is
smart; @ proficiency: I think the car behaves as a human expert;
and ® human likeness: I would make the same decision with
the car. Data were collected from a sample of 40 participants,
comprising both undergraduate and postgraduate students.

We categorized the user study participants into two groups on
the basis of their driving background: experienced drivers and
nondrivers. The demographic analysis revealed nuanced differ-
ences in system evaluation patterns between these two groups.
Notably, UniCVE maintained exceptional and consistent perfor-
mance across both demographic segments, achieving nearly iden-
tical ratings (7.35 for nondrivers vs 7.46 for experienced drivers,
representing only a 1.5% variance). This minimal performance dif-
ference suggests that UniCVE's design principles effectively tran-
scend user experience backgrounds. The metric-specific analysis
indicated that students without driving experience rated UniCVE’s
human-like behaviour 4.8% higher (7.0 vs 6.68) and interpretability
marginally better (7.75 vs 7.67), whereas experienced student dri-
vers showed slightly greater appreciation for safety features (7.02
vs 6.7). These variations reflected the different cognitive frame-
works through which each group evaluated AD systems: inexperi-
enced drivers appeared more receptive to Al-driven behavioural
patterns, whereas experienced drivers demonstrated heightened
sensitivity to safety-critical aspects on the basis of their practical
driving knowledge. The overall consistency in the performance of
the UniCVE model across these demographic segments validated
the its robust design and broad applicability within academic pop-
ulations. In future work, we plan to incorporate these demographic
insights to develop adaptive user interfaces and expand our evalu-
ation to broader age ranges and professional backgrounds to fur-
ther validate the system universality.

Safety is the primary metric for evaluating interactive intelli-
gence and the usability of AD algorithms. As illustrated in Fig.
6(b), UniCVE outperforms the other algorithms in terms of safety
across all the scenarios, with average safety scores of 7.02,
compared with 5.23 for LAV and 2.35 for InterFuser. This difference
represents 34.2% and 198.7% improvements over LAV and
InterFuser, respectively. Interpretability, the degree to which
humans can understand AV behaviours, is vital for cooperation
and traffic efficiency. On average, UniCVE, LAV, and InterFuser
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Evaluation metrics for embodied interaction intelligence

Method
RC DS Times of Pick up User study
Mean Var Mean Var collision passengers score
InterFuser (20) 73.35 3.56 43.47 2.74 1 N 1.85
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RC DS . .
Method Times of collision
Mean Var Mean Var
UniCVE with CTX-HG K=5 100.00 0 83.00 1.32 1
UniCVE with CTX-HG K=10 90.11 0.34 51.00 0.97 0
UniCVE with CTX-HG K=15 93.57 0.27 61.00 1.21 0
UniCVE with CTX-HG K=20 100.00 0 78.00 1.43 1
UniCVE w/o CTX-HG 98.21 0.41 64.00 1.57 2

(c)

Fig. 7. Experimental results of the autonomous bus transporting passenger navigation task. (a) Interaction experiments of pedestrians, vehicles, and roads in intricate
environments. (b) Comparative analysis of AD models via user questionnaire evaluation. The plots illustrate the standardized mean differences in scores for three distinct AD
models, each evaluated across a comprehensive set of metrics and interaction scenarios. The red bars denote the data corresponding to the LAV model, the yellow bars
represent the InterFuser model, and the green bars depict the data for our proposed UniCVE model. (c) Ablation results of the scenario context hypergraph. CTX-HG represents
the context hypergraph network. K is the K value in the KNN used to construct hyperedges in the hypergraph network. UniCVE w/o CTX-HG denotes the UniCVE model

without the context hypergraph module. Var: variance.
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achieve interpretability scores of 7.67, 5.12, and 2.18, respectively,
which demonstrates that the UniCVE model is more comprehensi-
ble and compatible with human users. Notably, the UniCVE model
significantly outperforms the other models in the narrow-road
encounter scenario, not only with higher average scores but also
with a smaller standard deviation. This scenario requires the AV
to actively use the opposite lane to bypass a static obstacle, which
is a comprehensive reflection of smartness, proficiency, and human
likeness.

Furthermore, we conducted ablation experiments on overtaking
and lane change scenarios to demonstrate that compared with bare
BEV features (UniCVE w/o CTX-HG), extracting scenario contextual
features with hypergraphs improves the DS, as shown in Fig. 7(c).
In addition, the results show that the K value of the KNN used to
construct hyperedges strongly affects the performance of the
model. The optimal K value is 10 because a value of 5 is too small
to obtain contextual relationships and a value of 20 leads to the
selection of too many nodes for an edge without any specific
relationship.

In addition to the five scenarios, there are many other scenarios.
With its self-learning and self-growth capabilities, the UniCVE
algorithm can use big data to approximate infinity, thereby achiev-
ing embodied intelligence.

3.5. Discussion

Embodied interaction intelligence is crucial for human machine
collaboration, as it empowers AVs to interact, learn, and earn trust
amongst humans. Our end-to-end AD model, UniCVE, offers dis-
tinct advantages in terms of perception and behavioural intelli-
gence: (D it enhances perception accuracy through multiview
cross-modal information fusion; @ it designs interaction cognition
models that are deliberately tailored to different interaction
objects, thereby capturing high-order semantic features of interac-
tion and enhancing the rationality of AV behaviours in interaction
scenarios; @ it allows a LLM to incorporate human driving lan-
guage guidance, enhancing scene semantic comprehension and
decision-making in complex driving environments. We delve into
these aspects in the subsequent discussion.

To address diverse perception sources, heterogeneous data, and
complex driving environments, we design a cross-modal percep-
tion system and propose a hypergraph-based human action recog-
nition model that leverages multiview spatiotemporal features.
Our system outperforms pure visual systems by effectively using
complementary 2D image and 3D point cloud data, significantly
improving human action recognition accuracy and robustness
under varying lighting and visibility conditions. Furthermore, our
model captures high-order semantic associations through
hyperedges among joints and limbs, enabling precise behaviour
understanding. This model employs a dynamic spatiotemporal
attention-based hypergraph convolution model to minimize
information redundancy and training complexity, thereby
saving computational resources and time. In future research, we
need to address the adaptive construction of high-quality
hypergraph structures in the absence of sufficient prior
knowledge.

Considering complex and variable driving environments, RL
methods that concurrently learn world and strategy models can
struggle to converge. To mitigate this issue, we pretrain the world
model on a large dataset via supervised learning, establishing vehi-
cle interaction knowledge for AVs and reducing ineffective RL sam-
pling. Our proposed JTPWM-DRL mitigates collision risk by
estimating the joint probability distribution of AV and surrounding
vehicle trajectories and inferring potential interaction scenarios.
However, supervised learning models rely heavily on the quality
and quantity of labelled data, making the acquisition of ample
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accurate data for AV trajectory prediction challenging. Addressing
data’s long-tail distribution through effective model training can
enhance the generalizability.

LLMs have showcased their robust understanding and reason-
ing capabilities across various applications, effectively encapsulat-
ing human knowledge and wisdom. To leverage the performance of
the LLMs while ensuring real-time responses in AD systems, we
use a knowledge distillation method. This method transfers knowl-
edge from the teacher LLM to a smaller but faster student model,
enhancing AV driving capabilities in unknown obstacle scenarios.
Future research involves designing efficient student models to
improve knowledge integration and deploying large models in
AD systems without compromising inference speed or LLM reason-
ing capabilities.

4. Conclusions and implications

Overall, our work introduces an end-to-end perception-
cognition-behaviour closed-loop feedback framework for AD. This
framework integrates the understanding of interactions with dif-
ferent traffic participants in various driving environments as uni-
fied rewards and soft constraints to enable AVs to drive in a
socially compatible and human-predictable manner. By utilizing
the RL paradigm, our model is capable of continual learning and
self-growth. Our user study demonstrates that this model outper-
forms other state-of-the-art algorithms in terms of interaction
intelligence, showing greater proficiency and human-like beha-
viour in complex simulated environments. Notably, we have suc-
cessfully deployed the model on real buses, achieving 22 000 km
of travel and completing 45000 navigation tasks in the Xiong'an
New Area, China. This deployment underscores our contribution
to advancing embodied interactive intelligence in AD. However,
our qualitative analysis reveals certain limitations in edge case sce-
narios. Specifically, at intersections with significant visual occlu-
sions, pedestrians may suddenly emerge from behind parked
vehicles or architectural barriers, creating challenging reactive sce-
narios. In these cases, our model initially exhibits delayed braking
responses because of insufficient early visual cues and limited pre-
diction time windows. Interestingly, we have observed that
through repeated exposure to similar occlusion patterns at specific
intersection locations, our model demonstrates memory-based
adaptive learning—the development of enhanced anticipatory
behaviours that enable more proactive safety responses in familiar
high-risk areas. This finding suggests that experience accumulation
at challenging locations contributes to improved risk assessment
and behavioural planning over time.

In future work, we will focus on addressing these limitations by
enhancing occlusion-aware perception, incorporating uncertainty-
aware trajectory prediction, and strengthening memory-based
modules to better anticipate latent risks across diverse intersection
geometries. Moreover, we plan to explore real-world deployment
and multiagent cooperative scenarios to further test the robustness
and scalability of our framework.
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