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Abstract— While existing Learning from intervention (LfI)
methods within the human-in-the-loop reinforcement learning
(HiL-RL) paradigm mainly operate on the assumption that
human policies are homogeneous and deterministic with low
variance, natural human driving behaviors are multimodal
with intrinsic uncertainties, and hence, accommodating diverse
human capabilities is significant for its practical applications.
This work proposes an enhanced LfI approach for learning the
optimal RL policy by leveraging multimodal human behaviors
in the setting of N-driver concurrent interventions. Specifically,
we first learn the N number of human digital drivers from
the multi-human demonstration dataset, wherein each driver
possesses its own policy distribution. Then, the post-trained
drivers will be kept in the training loop of the RL algorithms,
providing diverse driving guidance whenever the intervention is
required. Additionally, to better utilize the provided guidance,
we augment the RL regarding the fundamental architecture and
optimization objectives to facilitate the proposed uncertainty-
aware reinforcement learning (UnaRL) algorithm. The pro-
posed approach, which won 2nd place in the Alibaba Future
Car Innovation Challenge 2022, is solidly compared in two
challenging autonomous driving scenarios against state-of-the-
art (SOTA) LfI baselines, and results of both simulation and
real-world experiment confirm the superiority of our method in
terms of learning robustness and driving performance. Videos
and source code are provided. 1

I. INTRODUCTION

Deep reinforcement learning (DRL) algorithms have
demonstrated various degrees of success across numerous
fields [1]–[3]. In recent years, researchers have made note-
worthy contributions to the use of DRL algorithms for
decision-making and control tasks, employing techniques
such as deep Q-network (DQN) [4], twin delayed deep
deterministic policy gradient (TD3) [5], and soft actor-critic
(SAC) [6] to tackle both discrete and continuous action
problems. Despite their impressive performance, DRL algo-
rithms are notorious for their poor data efficiency, primarily
due to the exploitation and exploration dilemma inherent in
their learning mechanism. This issue is amplified when DRL
algorithms are applied to complex and diverse tasks, such as

This work was supported in part by the A*STAR, Singapore, under AME
YIRG (No.A2084c0156), the MTC IRG (M22K2c0079), the ANR-NRF
Joint Grant (No.NRF2021-NRF-ANR003 HM Science), and the MOE Tier
2 Grant (MOE-T2EP50222-0002).

1W. Huang, S. Lou, and C. Lv are with the School of Mechanical
and Aerospace Engineering, Nanyang Technological University, Singa-
pore, 639798. (E-mail: wenhui001@e.ntu.edu.sg, shanhe.lou@ntu.edu.sg,
lyuchen@ntu.edu.sg)

2Z. Shan is with the State Key Laboratory of Automotive Simula-
tion and Control, Jilin University, Changchun 130022, China. (E-mail:
shanzt20@mails.jlu. edu.cn)

Corresponding author: Chen Lv. (E-mail: lyuchen@ntu.edu.sg)
1https://github.com/OscarHuangWind/

Learning-from-Intervention.

learning reliable autonomous driving policies in dense traffic,
as they often require hundreds or thousands of environmental
interactions to converge [7].

Recently, the exploration of a novel paradigm referred to
as learning from intervention (LfI), as situated within the
context of human-in-the-loop reinforcement learning (HiL-
RL) [8], has gained emerging attention in the RL community.
LfI aims to block any catastrophic actions before they happen
and override them with online human guidance, leading
the RL agent with a safe and efficient exploration strategy.
Existing works have made attempts to achieve such an
approach by utilizing reward shaping or objective augmenta-
tion techniques for online human guidance and successfully
demonstrated enhanced data efficiency in the Atari game [9],
autonomous navigation [10], [11], and autonomous driving
domain [12]–[16]. However, the LfI method remains in a
nascent stage of development, as the previous works are
founded on impractical assumptions, evident in two ways:
Firstly, in the confidence that human policy is deterministic
without uncertainties, and secondly, in the belief that human
behaviors are homogeneous without diversity.

In the learning-based autonomous driving field [17], [18],
especially with the aid of human intelligence, uncertainty
can be categorized into two types: policy and model uncer-
tainty [7], which are also entitled aleatoric and epistemic
uncertainty [19], [20]. Recently, there has been a growing
interest in incorporating uncertainty estimation into DRL
and DIL approaches to address challenging issues in au-
tonomous driving. For instance, extensive quantified uncer-
tainty estimation metrics are presented in [21] for decision-
making and control tasks in E2E autonomous driving. [22]
proposes an uncertainty-aware imitation learning approach to
construct a safe action selection mechanism by considering
aleatoric uncertainty, validating the effectiveness through the
simulation in the Carla platform [23]. Alternatively, [24]
applies the epistemic uncertainty to the model-based RL
algorithm for realizing uncertainty-aware E2E autonomous
driving. Nevertheless, to the best of our knowledge, there
has yet to be an existing work that formalizes uncertainty
estimation into the LfI paradigm, enabling RL agents to
accommodate multimodal and distinct human behaviors.

To bridge the abovementioned research gap, we present a
novel learning from multimodal guidance (LfMG) approach
for optimal policy learning by leveraging multimodal human
behaviors in the setting of N-driver concurrent interven-
tions. In particular, we learn the N-human digital drivers
through the demonstration dataset gathered from multiple
human drivers, encompassing distinct genders, age groups,
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Fig. 1. Universal scheme of the proposed LfMG approach. LfMG consists of three main ingredients: multimodal policy learning, UnaRL, and intervention
guardian.

and driving proficiency, and keep post-trained drivers in the
training loop of the RL to provide multimodal guidance.
Then, to enhance the utilization of the guidance, we design
an intervention guardian and an augmented dual-head ar-
chitecture deep reinforcement learning architecture for mak-
ing decisions that align with human behavior preferences.
Furthermore, we present an adaptive confidence adjustment
module that optimizes the objectives based on the estimated
confidence (uncertainties) over human demonstrations. This
module adaptively assigns rational weights to objective func-
tions during instances of N-driver interventions, realizing a
dynamic learning process for the RL algorithm. Lumping
all the above elements completes our proposed uncertainty-
aware reinforcement learning (UnaRL) algorithm. We have
solidly compared the proposed approach against the SOTA
LfI baselines in the decision-making of two challenging
autonomous driving scenarios and conducted real-world ex-
periments to evaluate its real-time driving performance. The
main contributions of this work are: 1) We propose a novel
learning from multimodal guidance (LfMG) approach to
break assumptions of homogeneous, deterministic human
behaviors in the HiL-RL framework and bridge the research
gap by accommodating diverse and multimodal human be-
haviors. 2) We design a concrete intervention guardian and an
uncertainty-aware reinforcement learning (UnaRL) algorithm
featuring a dual-head network architecture and adaptive
confidence adjustment module to enhance the utilization of
multimodal guidance, leading to efficient and robust policy
optimization even in the face of uncertainty.

II. METHOD

The universal paradigm of the proposed LfMG approach
is shown in Fig. 1. It consists of three essential ingredients:
multimodal policy learning, uncertainty-aware reinforcement
learning (UnaRL), and intervention guardian. In the follow-
ing, we elaborate on details for each module.

A. Preliminaries

A typical decision-making problem in RL can be for-
mulated as a standard Markov decision process (MDP)
represented by a tuple < S,A,P,R, γ >, where S is a

set of states that the RL agent possibly visits, A denotes
action space, P represents the transition of the environment,
R is the reward function estimating the overall future return,
and γ ∈(0,1] is a discount factor. At each time step t, the
RL agent percepts the state st ∈ S and executes an action
at ∈ A, receiving an immediate reward rt = R(st, at) :
S ×A → R, as well as next state st+1 ∈ S based on the
transition probability P(st+1|st, at) : S ×A → [0, 1]. The
policy π(·|st) : S → A represents a probability distribution
that the candidate action follows based on the current state
st. Inherited from the dynamic programming (DP) property
[25], the goal of the RL algorithm is to find a policy that
maximizes the discounted overall future return, e.g., the state
value V π(st) or state-action value Qπ(st, at).

B. Multimodal Policy Learning
Human behavior is diverse and has a great deal of

heterogeneity, which stems from the inherent uncertainty
and limited cognition of human beings [26]. For instance,
when driving on a highway and encountering a slow-moving
vehicle ahead, a driver may reasonably decide to turn left
or right [20]. Therefore, accommodating multimodal human
policies and learning robust driving behaviors under uncer-
tainties are substantial for the LfMG approach. It is crucial
to highlight that the term ’multi-modality’ used in this work
refers to the diversity and heterogeneity of driving policies
of reinforcement learning [27].
1) Policy Uncertainty. To investigate the inherent uncer-
tainty in human behaviors, policy distribution, as opposed
to deterministic decision command, is learned in this work.
For classification tasks, e.g., decision-making problems in
E2E autonomous driving, the uncertainty information can be
captured by predictive entropy [21]. Notably, even though
human policy is widely known to be non-deterministic, the
data gathered during the demonstration are still represented
in a deterministic format, i.e., πH is a one-hot vector in
decision-making tasks. Consequently, minimizing the for-
ward Kullback-Leibler (KL) divergence (DKL) [28] would
cause the policy model to overfit the deterministic data, as
it is equivalent to minimizing the cross-entropy between the
learned policy and the one-hot vector. To avoid this issue,
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we can instead minimize Reverse Kullback-Leibler (RKL)
divergence [29], formulated as:

φ∗ = argmin
φ

DRKL

(
πD
φ || πH)

(1)

where πD
φ , πH, and φ denote the policy of the digital driver,

human driver, and policy parameters. The Eq. 1 can be
further expanded as:

min
φ

DRKL

(
πD
φ || πH)

= min
φ

−
∑

πD
φ log(

πH

πD
φ

)

≡ min
φ

(
− EπD

φ
[logπH]

)
−max

φ
H(πD

φ )

(2)

where H and E represent Shannon entropy and expectation
operation respectively. The first term in Eq. 2, identified
as cross-entropy, elucidates that the learned policy πD

φ can
effectively pursue the primary mode of human policy πH.
This is because the expectation is taken for the learned policy,
demanding that samples generated by it exhibit a high likeli-
hood under the human policy (mode-seeking behavior [30]).
On the contrary, the second term concurrently motivates πD

φ

to maximize its Shannon entropy, thereby preventing the
learned policy from converging to a sharp unimodal distri-
bution. Therefore, minimizing the RKL divergence ensures
the modeling of the policy uncertainty through optimization.
2) N-human Digital Drivers with Model Uncertainty.
Even though we have considered policy uncertainty, one
human digital driver can only represent one driving pattern
and thus lack diversity and heterogeneity. Therefore,
learning multiple human digital drivers to generate diverse
and multimodal decision policies is crucial for practical
applications of the LfMG method. Such diversity and
multi-modality, originating from distinct cognitive abilities
for interpreting the scenes, are referred to as model
uncertainty or epistemic uncertainty. Estimating model
uncertainty typically involves two methods: Monte-Carlo
(MC)-dropout [31] and deep ensemble [32], with the latter
employed in this study. Specifically, we split the collected
dataset into ten groups and employed N networks to learn
from these human demonstrations. In order to guarantee
behavior diversity, we let each of the human digital driver
models learn through randomly selected eight among ten
groups with different initialization of the parameters. The
demonstration data from selected groups were then divided
into training and validation datasets, with a ratio of eight
to two, and the learning process terminates either when the
maximum iteration limit is reached or when the validation
loss turns to increase. Subsequently, the ultimate guidance
policy and the uncertainty can be obtained by integrating all
the N-driver policy patterns in the form of a mixture mean
and variance:

πG(·|s) = 1

N

N∑
i=1

πD
φi
(·|s)

ΣπG (s) =
1

N

N∑
i=1

(
ΣπD

φi
(s)

)
+

1

N

N∑
i=1

(
πD
φi
(·|s)

)2 − (
πG(·|s)

)2
(3)

where i indicates i-th digital driver, the ultimate guid-
ance policy πG(·|s) ∈ R1×dim(A) is constrained by∑dim(A)

j=1 πG(aj |s) =1, and ΣπG (s) is a diagonal covariance
matrix with dim(A) × dim(A) dimension. Subsequently,
the LfMG draws decision command from the guidance
policy πG(·|s) during the intervention process and employs
the mixture variance ΣπG (s) to compute adaptive weights
in the adaptive confidence adjustment module for the RL
optimization process.

C. Uncertainty-aware Reinforcement Learning

In this paper, we present a novel uncertainty-aware re-
inforcement learning (UnaRL) algorithm, namely UnaDQN,
aimed at maximizing the effective use of multimodal guid-
ance. It is worth noting that the ”Una” paradigm does not
apply any constraints to RL algorithms and thus can be
flexibly adapted to off-policy actor-critic RL algorithms as
well.

The UnaDQN is an enhanced algorithm based on our
previous work PGDQN, which has confirmed its superior
performance on OpenAI Gym benchmarks [33]. Fig. 2
demonstrates the overall architecture of the UnaDQN al-
gorithm. We keep the dual architecture design of PGDQN
for our algorithm and title each branch as preference head
and Q head, sharing a common vision transformer (ViT)
encoder as the backbone to learn the latent representation
from diverse knowledge in multitask learning fashion [34].
Both heads consist of two fully connected layers with layer
normalization [35] operation in between, and the output of
the preference head is policy distribution while that of the Q
head is state-action value Q.

Given a batch of M = MDRL+MG samples, the objective
function of the Q head is minimizing the Bellman loss and
imitation loss, denoted as follows:

LQ(θ) =
1

MDRL

MDRL∑
i=1

∥rt + γmax
a

Q(st+1, a
DRL
t+1 |θ

′
)−Q(st, a

DRL
t |θ)∥2

+
1

MG

MG∑
j=1

∥rt + γmax
a

Q(st+1, a
DRL
t+1 |θ

′
)−Q(st, a

G
t |θ)∥2

+
1

MG

MG∑
j=1

ωj · ∥softmax
(
Q(st, π

DRL(·|st)|θ)
)
− 1aG∥2

(4)

where Q(st, π
DRL(·|st)|θ) ∈ R1×dim(A) indicates a vector

of Q values for all the actions and 1aG ∈ R1×dim(A)

represents the one-hot encoding over the guidance action
aG . In addition, ωj is the weight for j-th transition data,
denoting the confidence held by the DRL agent regarding
the guidance. Most importantly, this weight is adaptive to
the uncertainty of the provided guidance, i.e., the mixture
variance ΣπG (s), and dynamically computed and assigned by
the adaptive confidence adjustment module for the parameter
optimization.

As for the preference head, we first define the sampling
policy of the UnaDQN algorithm. In this study, we employ
the preference-guided ϵ-greedy policy [33] for UnaDQN
instead of vanilla ϵ-greedy as the former is a generalized
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Fig. 2. The overall architecture of the UnaDQN. The input state is fed into
the backbone network, which consists of two blocks of the ViT, and encoded
to latent features; then, the latent features are delivered to the preference
head and Q head to generate the preference distribution and estimated future
payoffs.

form of the latter, possessing superior exploration efficiency.
Therefore, given the state st at an arbitrary timestep t, the
sampling policy is as follows:

πDRL(aDRL
t |st) =

{
1− ϵ+ ϵ · ρϕ(aDRL

t |st), if a = a∗

ϵ · ρϕ(aDRL
t |st), a ̸= a∗

(5)

where a∗ = argmax Q(aDRL
t , st) denotes greedy action, ϕ

is the parameters of the preference head and ρϕ(a
DRL
t |st)

indicates the preference probability of selected action aDRL
t

which is inferred by preference head. As shown in Eq.
5, the decision commands are sampled from preference
distribution ρϕ(·|st) within the probability of ϵ or assigned
as greedy actions otherwise. To mitigate the overestimation
issue, we employ on-policy learning to train the preference
distribution, and it is optimized by maximizing entropy aug-
mented advantage function while simultaneously minimizing
the cross-entropy between preference distribution ρ(·|st) and
guidance policy πG(·|st), computed as follows:

Lρ(ϕ) = E
(st,a

G
t )∼P

πG

[
Aρ(st, a

G
t ) · ρϕ(aG

t |st) + ωt ·H
(
ρ(·|st)

)]
− E

(st,a
G
t )∼P

πG

[
ωt ·H

(
ρ(·|st), πG(·|st)

)]
= E

(st,a
G
t )∼P

πG

[
Aρ(st, a

G
t ) · ρϕ(aG

t |st)− ωt ·DKL

(
ρ(·|st)||πG(·|st)

)]
(6)

Unlike the existing works, the LfMG approach does not
apply any restriction for the human drivers as it can effec-
tively lean the robust driving policy through diverse and mul-
timodal human behaviors. This advantage can be attributed to
the adaptive weight adjustment module of UnaDQN through
estimating the confidence of the real-time guidance based on
the mixture variance. Inspired from [36], we first employ a
dynamic normalization technique to normalize the mixture
variances within the finite moving horizons k, computed as
follows:

Σ = {ΣπG (st−k+1),ΣπG (st−k+2), ...,ΣπG (st−1)}

ΣπG (st) =
ΣπG (st)−minΣ

maxΣ−minΣ

(7)

(a) Left Turn.

(b) Ramp Merge. (c) Driving simulator set.

Fig. 3. Testing scenarios and driving simulator set.

where ΣπG (st) ∈ [0, 1] is the normalized mixture variance.
Then, we map it to the weight (confidence) of the guidance-
related term in the exponential form:

ωt = e−a·Σ
πG (st)+b (8)

where a and b are the scale and bias constant. The Eq. 8
demonstrates that when the mixture variance is high, the
UnaDQN agent has low confidence in the provided guidance,
resulting in a small weight value. Back to Eq. 6, we can
observe that both Shannon entropy and cross-entropy term
will be large when the weight is small, encouraging the DRL
agent to explore policy by itself and learn less from the
guidance policy. On the contrary, if the DRL agent has high
confidence in the provided guidance, i.e., assigns a high value
to the weight, it will focus more on imitating the guidance
policy rather than exploring diverse decision options.

D. Intervention Guardian
In order to motivate the RL agent to learn driving poli-

cies simultaneously from free exploration and multimodal
guidance, we introduce an intervention guardian system.
This mechanism allows the guidance policy to intervene in
vehicle control in a situation where the policy uncertainty
of the RL agent is higher than a certain threshold. Drawing
inspiration from the HG-DAgger [37], we learn a dynamic
threshold from N-driver interventions instead of selecting a
fixed empirical number. In particular, we capture the entropy
of guidance policy at each time step, subsequently deriving
the moving average and moving standard deviation across
finite moving horizons τ :

Ĥ = {H
(
πG(·|st−τ+1)

)
,H

(
πG(·|st−τ+2)

)
, ...,H

(
πG(·|st−1)

)
}

µĤ = mean(Ĥ), σĤ = std(Ĥ)
(9)

Then we compute the dynamic threshold as follows:

δ = µĤ + (− 3.0

H(U)
·H(ρ(·|st)) + 3.0) · σĤ (10)

where U denotes uniform distribution. From the above equa-
tion, we can observe that the threshold anneals to the moving
average at the initial stages when the RL agent considers each
decision an equal possibility. However, as the reinforcement
learning agent refines its decision policy through training,
the intervention threshold becomes progressively more strin-
gent, culminating in an eventual convergence to the value
corresponding with the 3σ rule of thumb.
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Fig. 4. The reward and intervention rate curves for LfMG and baselines.

III. EXPERIMENTS AND RESULTS

A. Experimental Setup

Although the efficacy of the proposed algorithm has been
confirmed through its achievement of the second position
in the Alibaba Future Car Innovation Challenge 2022 2,
this paper aims to extend the comparison of our method
against SOTA LfI baselines by applying it to two additional
challenging autonomous driving scenarios in SMARTS [38]:
namely, the ramp merge and unprotected left turn (shown
in Fig. 3(a) and Fig. 3(b)), employed in the 2022 NeurIPS
Driving SMARTS Competition 3. The primary objective in
both scenarios is to effectively interact with various types
(cooperative and non-cooperative) of social agents, execute
a successful merge into the junction or intersection, and
navigate safely to the outer lane of the main road under
highly stochastic traffic flow. In order to accommodate multi-
modal human behaviors, we hired twenty human participants
with distinct genders, age groups, and driving proficiency
to perform the demonstrations in these scenarios through
driving monitors and the Logitec G29 set, as shown in Fig.
3(c). We obtained a total of 180 trajectories from human
demonstrations in the form of state-action pairs. During the
policy learning process, each digital driver can access a
random 80% of the whole data, and the selected dataset
is further divided by 80% and 20% for policy training and
validation.

As for the RL training, the state space consists of three
consecutive top-down bird-eye-view (BEV) RGB images
with the dimension of 120 × 120 × 3, denoted as st ∈
R120×120×9. As for the action space, our model takes charge
of making high-level decisions, encompassing Keep Lane ,
Slow Down , Change Lane Right , Change Lane Left , and
adopts the speed and lane-following controllers for the sub-
sequent command execution. Last but not least, our reward
function contains both heuristic and sparse rewards related to
ego speed, action consistency, intervention cost, on-shoulder
driving, goal-reaching, and off-road/crash penalty.

To thoroughly confirm the superior performance of the
proposed approach, we employ SOTA LfI and DRL algo-

2https://tianchi.aliyun.com/competition/entrance/
531996/rankingList

3https://codalab.lisn.upsaclay.fr/competitions/
6618

TABLE I
EFFICIENCY IMPROVEMENT (%) OF UNARL COMPARED WITH

BASELINES.

Epoc
(
Base | R∗(Base)

)
Improved Percentage(%)

Scenario HIRL IARL EIL PHIL-RL D3QN >HIRL >IARL >EIL >PHIL-RL >D3QN

Left Turn 161 184 253 235 276 80.75 71.20 81.82 76.60 82.25

Ramp Merge 161 83 136 125 121 73.91 48.19 68.38 65.60 64.46

rithms as our baselines, and they are HIRL [9], IARL [10],
EIL [13], PHIL-RL [15], and dueling double DQN (D3QN)
[39]. We allow digital drivers to intervene only in even-
numbered episodes to prevent data distribution shifts or over-
fitting issues related to guidance policy. In odd-numbered
iterations, the DRL agent is liberated from intervention and
trained in standard RL fashion.

B. Benchmark Comparison: Qualitative Results

The learning curves of UnaRL and all the baseline meth-
ods are given in Fig. 4. We train each algorithm with five
random seeds to measure statistical performance. The aver-
age rewards per episode are represented by the cornflower-
blue dotted line for UnaRL and solid lines with various
colors for the baselines. In addition, the shaded areas indicate
the variances over the five runs, representing the robust-
ness of each approach. As shown in Fig. 4(a) and 4(c),
the UnaRL method exhibits the fastest convergence speed
with the lowest variance compared to other LfI and DRL
baselines, demonstrating superior data efficiency and robust
characteristics. The worst performance in the unprotected left
turn scenario originated from the HIRL, while that of the
ramp merge scenario belongs to the D3QN algorithm due to
the notoriously known poor data efficiency issue.

Furthermore, an analysis of the intervention rate reveals
notable insights, as depicted in Fig. 4(b) and Fig. 4(d). It is
evident that the intervention rates of UnaRL and PHIL-RL
asymptotically reduce to nearly zero towards the conclusion
of the learning process. This trend signifies that both ap-
proaches have effectively learned optimal policies, enabling
the ego vehicle to drive safely with minimal interventions. A
similar trend can be observed in the EIL method. On the con-
trary, the intervention rate for HIRL consistently maintains a
relatively high level throughout the entire learning phase in
both scenarios, demonstrating the worst performance among
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Fig. 5. Average success rate (%) of UnaRL compared with baselines.

all the algorithms. Interestingly, the intervention curve of
IARL experiences an initial rapid decline but subsequently
exhibits an upward trend in the later stages of learning, ulti-
mately converging into an unsatisfactory suboptimal policy.

C. Benchmark Comparison: Quantitative Results

To quantitatively measure the superiority of our approach,
we compute the amplitude of efficiency improvement of
UnaRL against baselines according to the following metric:

Epoc(Base|R∗(Base))− Epoc(UnaRL|R∗(Base))

Epoc(Base|R∗(Base))
(11)

where Epoc(Base|R∗(Base) represents the number of the
episode the baseline needs to achieve its best reward and
Epoc(UnaRL|R∗(Base)) denotes the number of the episode
our approach requires to reach the baseline’s best reward.
Furthermore, we meticulously select the optimal model for
both our algorithm and the baseline methods, conducting
success rate assessments with three additional, previously
unobserved seeds, each comprising ten episodes. The com-
prehensive comparative results encompassing various statis-
tical metrics are presented in Table I and Fig. 5. It is clear
that UnaRL demonstrates the efficiency enhancement by a
large margin against LfI and DRL baselines in terms of data
efficiency. For instance, our approach outperforms the EIL
method by up to 81.82% and consumes 73.91% less data
than the HIRL on average, exhibiting the fastest learning
speed among all approaches. As for the testing performance,
the success rate of UnaRL (93% and 100% on average
over three unseen seeds) decisively outperforms those of the
baselines, demonstrating superior and robust characteristics
of the proposed approach.

D. Real-world Experiment

To validate the feasibility and real-time performance, es-
pecially under limited onboard computational power, we also
deployed the post-trained algorithm on the hardware platform
and conducted real-world experiments. As Fig. 6(a) shows,
the experiment is carried out in a real-world unprotected
intersection scene at Nanyang Technological University with
an Ackermann-steering unmanned grounded vehicle (UGV)
called HUNTER. The HUNTER is equipped with an edge
computing platform NVIDIA Jetson Xavier 16GB, an inertial
measurement unit (IMU), and a 16-line LiDAR. To comply
with legal requirements, we did not experiment with the
natural traffic flow. Instead, we employ the stochastic traffic
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(a) Real-world environment and UGV.
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Fig. 6. Real-world experiment settings and results.

flow from the SUMO and deliver the corresponding BEV
images through the ROS. Then, the deployed algorithm must
generate real-time decision inference with onboard computa-
tion and send it to the UGV chassis via CAN communication
to realize motion control.

Fig. 6(b) and 6(c) present a visual representation of
qualitative assessments regarding the driving performance of
two distinct selected cases, as observed against ground-truth
trajectories. Notably, these trajectories are color-coded by
the velocity profile executed by the HUNTER, transitioning
from blue (indicating maximum allowable speed) to red (sig-
nifying zero speed). The result clearly demonstrates that our
algorithm can perform yielding behavior when encountering
an oncoming right-of-way vehicle and effectively execute
passing maneuvers with non-conservative driving decisions
when interacting with other cooperative drivers. Moreover,
Fig. 6(d) demonstrates a satisfactory real-time decision ca-
pability (with the least frequency of 22 Hz), underscoring
the substantial potential of our transformer-enabled RL-based
algorithm regarding practical applications.

IV. CONCLUSION

This paper proposes a novel learning from multimodal
guidance (LfMG) approach to consider the multi-modality
and intrinsic uncertainty of human behaviors in the context of
the HiL-RL framework. More specifically, we learn N-human
digital drivers from the multi-human demonstration and let
them provide multimodal driving guidance during the RL
learning process. To accommodate diverse human behaviors
and learn robust driving policies under uncertainties, we
present a concrete intervention guardian and an uncertainty-
aware RL (UnaRL) algorithm equipped with dual-head archi-
tecture and an adaptive confidence adjustment module. Com-
prehensive simulation and real-world experiments conducted
in two challenging autonomous driving scenarios confirm the
superiority of our approach compared with SOTA baselines
and reveal the substantial potential in real-world applications.
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