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Abstract

Reinforcement learning (RL) based autonomous driving
has emerged as a promising alternative to data-driven im-
itation learning approaches. However, crafting effective
reward functions for RL poses challenges due to the com-
plexity of defining and quantifying good driving behaviors
across diverse scenarios. Recently, large pretrained models
have gained significant attention as zero-shot reward mod-
els for tasks specified with desired linguistic goals. How-
ever, the desired linguistic goals for autonomous driving
such as “drive safely” are ambiguous and incomprehen-
sible by pretrained models. On the other hand, unde-
sired linguistic goals like “collision” are more concrete
and tractable. In this work, we introduce LORD, a novel
large models based opposite reward design through unde-
sired linguistic goals to enable the efficient use of large pre-
trained models as zero-shot reward models. Through ex-
tensive experiments, our proposed framework shows its ef-
ficiency in leveraging the power of large pretrained mod-
els for achieving safe and enhanced autonomous driving.
Moreover, the proposed approach shows improved general-
ization capabilities as it outperforms counterpart methods
across diverse and challenging driving scenarios.

1. Introduction

Autonomous driving is a challenging task that demands
both deep comprehension of the environment and ability
to swiftly reacting to changes. Rapid advancements in
deep learning have triggered significant progress in this do-
main, mainly through imitation learning (IL) approaches
[3,15,16,29]. Despite showing impressive results, the per-
formance of these IL methodologies heavily relies on the
size of data [5,30]. Thus, IL approaches are inherently sub-
ject to dataset bias and lack rational in decision making.
To address these challenges, reinforcement learning (RL)
based approaches that optimize driving policies by interact-
ing with the environment and maximizing the rewards have
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gathered growing interest as alternatives for autonomous
driving tasks [17, 18,34].

Reinforcement learning thrives when paired with effec-
tive reward functions, which serve as the guiding principles
for learning optimal behaviors [4, 8, 10-13,48]. However,
crafting these reward functions often proves costly, partic-
ularly when relying on human feedback for their formula-
tions [4,47]. Additionally, manually specifying such reward
functions presents a formidable challenge in avoiding re-
ward hacking [28]. This challenge is further compounded
in the autonomous driving tasks due to the difficulty of
defining and quantifying good driving behavior, as well as
generalizing them across diverse driving scenarios. To ad-
dress these challenges, large pretrained models emerges as
a promising solution for crafting efficient and generalizable
reward functions for autonomous driving systems.

Large pretrained models exhibit human-like reasoning
abilities and have demonstrated remarkable performance
across a spectrum of tasks [2, 6,26, 31,44,46,49]. In the
realm of robotics, the integration of these models in re-
ward functions have shown good performance and promis-
ing generalization capabilities [7,23, 33, 38,45]. In these
works, experiments evolve around tasks where the desired
goal state is either known or can be easily defined. Thus,
describing the desired goal state in form of a linguistic goal
which is comprehensible by pretrained models enables ex-
ploiting the pretrained models as zero-shot reward models.
While these approaches show good performance in variety
of robotic tasks, they encounter significant challenges in au-
tonomous driving. In such intricate scenarios, direct lin-
guistic goals become particularly arduous for large models
to grasp, highlighting the need for more nuanced strategies
to ensure effective comprehension and decision-making.

In this work, we present a novel approach to reward de-
sign for safe and enhanced autonomous driving: the con-
cept of opposite reward design through undesired linguis-
tic goals in order to leverage large pretrained models as
zero-shot reward models. In autonomous driving scenar-
ios, linguistically defining desired goal state such as “drive
safely” can be ambiguous and challenging. However, un-
desired linguistic goals, such as “collision”, offer a more
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tangible and understandable objective for both humans and
large pretrained models. By introducing opposite reward
design, we aim to enhance the interpretability, generaliz-
ability and effectiveness of autonomous driving systems,
making them more capable of navigating complex environ-
ments while prioritizing safety. To harness the full poten-
tial of our approach, we construct a closed-loop driving
environment. We conduct extensive experiments on large
pretrained image, video, and language models to evaluate
the efficacy of our proposed framework for closed-loop au-
tonomous driving tasks. Notably, our framework achieves
significantly improved performance over counterpart meth-
ods across various driving scenarios.

The main contributions of this work are summarized as
follows:

* We propose LORD, a Large models based Opposite
Reward Design, which addresses the ambiguity of lin-
guistic goals in autonomous driving with comprehend-
able undesired linguistic goals. To the best of our
knowledge, this is the first work that leverages large
pretrained models with undesired goals in embodied
Al domain.

* LORD leverages large pretrained image, video and
language models with a cosine distance objective for
an efficient reward function design for RL based au-
tonomous driving.

* Through extensive experiments, we show LORD con-
sistently achieves significantly improved generaliza-
tion performance over counterpart methods across var-
ious challenging driving scenarios.

2. Related Work
2.1. Reward Design for Reinforcement Learning

Reward function plays a pivotal role in reinforcement
learning, dictating the behavior of autonomous agents. Un-
like games where rewards occur naturally, creating a re-
ward function for real-world tasks needs an intentional de-
sign that requires extensive expert supervision. The dif-
ficulty motivates many researchers to directly learn a re-
ward function by observing a human expert performing the
task [1,9,27,48]. However, these approaches become overly
complex when applied to tasks with high dimensional state
and action space. More recently, some work leverage dis-
criminator networks with demonstration sets to assign re-
wards based on the likelihood of a state belonging to the
demonstration set [10, 11, 13]. Training these discrimina-
tor networks still requires a substantial number of expert
demonstrations which is not always feasible due to the lim-
ited availability of such demonstrations. Conversely, an-
other line of work involves using human pairwise prefer-
ences over data samples to learn the reward function [4, | 2].

While these methods offer good results in some tasks, they
often rely on either a large number of valid goal states or
significant human effort, making them impractical for many
applications, particularly in the context of autonomous driv-
ing, where efficiency and scalability are paramount.

2.2. Reward Design with Large Pretrained Models

Large pretrained models have recently gained interest as
an alternative way for reward design. Describing the goal
state through language has been the centerpiece for design-
ing powerful zero-shot reward models. A line of work in
this direction has focused on using large language models
(LLMs) [7, 14,19,23,45]. For example, ELLM [7] utilizes
LLMs to reward agent for achieving goals suggested by
LLMs. In another work, LLMs have been used as a proxy
reward function to capture human preferences by prompting
desired behaviors [19]. More recent works use large pre-
trained multi-modal models. Among these works, VLM-
RMs [33] and RoboCLIP [38] leverages vision language
models and video language models, respectively, with de-
sired linguistic goals for the reward design. However, these
works have focused on specific robotic applications where
the desired goal state exists and is comprehensible by large
pretrained models [33,38]. In contrast, our work focuses on
autonomous driving where desired goal states either does
not exist or not comprehensible by large pretrained models
due to the innate ambiguity of desired linguistic goals.

2.3. Language Models in Autonomous Driving

The success of language models in robotics have sparked
the interest for incorporation of language models in au-
tonomous driving [22, 24, 29, 37, 43].  Several works
have leveraged LLMs for explainable autonomous driving.
LINGO-1 presents a commentator model for reasoning and
explainability by training a model combining language with
vision and action [39]. Similarly, DriveLM introduces a vi-
sual question answering approach to interpret driving ac-
tions [37]. Other works have focused on enhancing the
planning performance for autonomous driving through lan-
guage. VLP introduces a plug-in approach by incorporating
LLMs with contrastive learning objective into vision-only
end-to-end autonomous driving systems [29]. Several GPT-
based driver agents have also been introduced as an alterna-
tive to existing IL and RL based driver agents [24, 40, 43].
Among these works, DiLu presents a systematic framework
which combines reasoning and reflection mechanism to im-
prove the decision making capability of the driver agent
[40]. Nevertheless, the substantial reliance on GPT mod-
els presents several limitations, such as the occurrence of
hallucinations due to the lack of grounding, as well as la-
tency issues that are crucial for real-world deployment. Un-
like these approaches, our work utilizes an RL agent with
a reward mechanism based on large pretrained models to
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Figure 1. An overview of our LORD powered reinforcement learning framework for closed-loop autonomous driving task. LORD firstly
measures cosine similarity between agent’s state and undesired goal state using large pretrained models. Followingly, it returns cosine

distance as the reward to the agent.

circumvent these challenges.

3. Methodology

LORD utilizes large pretrained models to generate step-
wise rewards for autonomous agents (i.e. ego vehicles) aim-
ing to encourage desired driving behavior and outcomes.
This is done by evaluating how different the state of the au-
tonomous agent at each time step is from the undesired goal
state described by our opposite linguistic goal for the first
time. Moreover, since the state of the autonomous agent
can be observed as an image, a video and a linguistic de-
scription, we investigate vision-and-language, video-and-
language and language models for embedding the agent’s
state and undesired goal state, respectively. Cosine simi-
larity between the agent’s and goal state’s embeddings is
calculated. Followingly, the agent receives cosine distance
(i.e., 1 - cosine similarity) as the reward for each step.
We integrate LORD with reinforcement learning algorithm
for closed-loop autonomous driving task. Fig. 1 shows an
overview of our LORD powered RL framework. Details
of our method are presented in the following subsections.
We first provide a problem formulation of the closed-loop
autonomous driving task in Sec. 3.1. Subsequently, we de-
scribe our proposed LORD and its integration with RL in
Sec. 3.2 and Sec. 3.3, respectively.

3.1. Problem Formulation

We formulate the closed-loop autonomous driving
task as a Partially Observable Markov Decision Process
(POMDP) problem defined by a 7-tuple < S, 0,0, A, T,
R,~ >. Specifically, S is the state space of the ego vehicle.
O is the observation space that is determined by emission
function 6 : S x O — [0,1]. A is a set of actions used to
drive the ego vehicle. T : S x A x S — [0,1] is a state

transition probability function. R :  x A — R is a reward
function to reward desired driving behavior or outcomes,
and v € (0, 1] is a discount factor. To learn a good driving
policy 7(ay|s;) informing the ego vehicle which action a;
to take at the state s;, we maximize the expected discounted
cumulative rewards E[> . 741 (at, 044+1)|s¢]. The focus
of this paper is to efficiently and effectively define the re-
ward function R based on the ego vehicle’s observation O
and our opposite linguistic goal noted as goal. Note that the
driving policy  is still learned from the ego vehicle’s state

S.

3.2. Large Models based Opposite Reward Design
3.2.1 Opposite Linguistic Goal

Recent work in the field of robotics has shown a great suc-
cess in taking large pretrained models as a zero-shot reward
model for robotic tasks [33, 38]. An essential element to
the success is that they are able to describe the desired task
and expected goal state with linguistic descriptions accu-
rately. For example, a task of “a humanoid robot kneel-
ing” is actually an accurate description to the expected goal
state [33]. In this case, when large pretrained models project
the agent’s current state and the desired goal state into an
embedding space, the distance between the two embeddings
forms a natural reward measuring how close the agent is to
the desired goal state. However, for autonomous driving
task, while the ultimate target is to let the ego vehicle drive
safely, it is difficult to describe concretely what the goal
state is since there are infinite ways to keep safe in driving.
As a result, the embedding of the abstract target goal “ego
is driving safely” is not semantically comparable to the ego
vehicle’s states and observations. On the contrary, describ-
ing unexpected states that the ego vehicle should avoid is
more tractable. For example, we can easily imagine what
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a “collision” looks like and ground it into an observation.
Fig. 2 better illustrates our insight. To this end, we propose
to use an opposite linguistic goal “a collision is happening”
as opposed to the target goal “ego is driving safely”.

? “Ego is driving safely.”
Target Goal

“A collision is happening.”
Opposite Goal

Figure 2. The insight of using an opposite goal. In autonomous
driving tasks, desired goal states such as “drive safely” are am-
biguous to grasp, whereas undesired goal states such as “collision”
are more comprehensible to humans and large pretrained models.

3.2.2 Observation Representations

The ego vehicle’s observation o, at time step ¢ can be repre-
sented in multiple ways: (1) an image capturing the spatial
information around the ego vehicle; (2) a video containing
both spatial and temporal information with respect to the
ego vehicle; (3) a linguistic description to the ego vehicle’s
current situation.

* Image based Observation. Using an image to rep-
resent an observation is straightforward and efficient.
A raw image can be obtained directly from camera-
like sensors and a more informative image, like Bird’s
Eye View (BEV) can be built through advanced com-
puter vision method [21]. The high dimensional im-
age based observation contains rich information in-
cluding surrounding objects and road elements and
thus has been wildly adopted for autonomous driving
tasks [15,29]. In this work, without loss of gener-
ality, we use the image rendered by the deployment
environment as the observation. To project the image
based observation and our opposite linguistic goal into
the same embedding space, we adopt the vision-and-
language model CLIP [31] to encode the observation
and the goal with its image and text encoders respec-
tively. In particular, we select the CLIP model pre-
trained on the large-scale dataset LAION-2B [35] as it
has been shown to have superior performance in [33].

* Video based Observation. A single static image may
not be able to capture the kinematic information, such
as the speed and the acceleration of both the ego and
npc vehicles. These information is critical for au-
tonomous driving. For example, a vehicle is more
likely to collide in a congested traffic scenario if it
is driving at a higher speed and with a greater accel-
eration. To get an observation containing the kine-
matic information, we generate a video by stacking
the latest 30 consecutive frames of the images at each
time step t. To compare the video based observation
and our opposite linguistic goal, we utilize the video-
and-language model S3D [42]. S3D is pretrained on
HowTol00M dataset [25] which consists of diverse
short clips of human demonstrators performing daily
tasks. Therefore, the video encoder and text encoder
of S3D can encode our video based observation and
opposite linguistic goal into a semantically meaning-
ful latent space.

» Text based Observation. Inspired by the recent suc-
cess of large language models (LLMs) and their appli-
cations, recent work starts to use textual scenario de-
scriptions as the observations [7,40]. In this way, they
can leverage LLMs’ exceptional human-level abilities
to perform the driving task by asking LLMs to make
decisions upon the text based observations. In our
work, we describe the ego vehicle’s current situation in
terms of potential collisions. Specifically, we calculate
the time to collision (ttc) with each of the surround-
ing vehicles based on their distance and speed differ-
ence. If the ttc is smaller than a predefined threshold,
we describe it in our text based observation by “A col-
lision will be happening in {ttc} seconds.”. We also
describe conditional collisions by “A collision would
happen in {itc} seconds if ego makes a left/right lane
change.”. To determine how similar the text based ob-
servation and our opposite linguistic goal are, we adopt
alanguage model to convert them into embeddings that
capture their semantic information. In practice, we use
the pretrained SentenceBERT model [32] which is de-
signed to derive semantically meaningful sentence em-
beddings that can be compared using cosine-similarity.

3.2.3 Opposite Reward Generation

Given our opposite linguistic goal goal and the observation
o, at time step ¢, we define our reward r; as follows,

similarity(oy, goal) = —=d (o) - LM?(goal)
Vo) = Aol et (gl

ry = 1 — similarity(os, goal) 2)
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where LM?° and LMY denote the large pretrained models
used to encode the observation and the opposite linguis-
tic goal, respectively. Our model choices are specified in
Sec. 3.2.2. Here, we adopt the cosine distance between
the observation embedding LM°(o;) and the opposite lin-
guistic goal embedding LMY (goal) to quantify the reward
value for the ego vehicle. In this way, when the ego vehi-
cle is further away from the undesired situation described
by our opposite linguistic goal, the ego vehicle can get a
higher reward.

3.3. RL Training with LORD

LORD can be integrated with any standard reinforce-
ment learning algorithms. In this work, we follow [41],
the latest state-of-the-art reinforcement learning work in au-
tonomous driving domain, by adopting Proximal Policy Op-
timization (PPO) [36] algorithm to learn an optimal driving
policy 7(a¢|s;) for the ego vehicle. LORD is only used
in training. During testing, we evaluate the ego vehicle by
performing the action a; ~ m(a¢|s;) at time step ¢ that only
depends on the state s;.

4. Experiments

We conduct experiments on Highway-env [20] to val-
idate our LORD framework for closed-loop autonomous
driving task. In particular, we aim to seek the answers to
the following questions:

e Is our LORD framework effective in addressing the
closed-loop autonomous driving task?

e How does each variant of our method work for the
closed-loop autonomous driving task?

* Does our opposite reward design contribute to the suc-
cess of our method?

We first introduce our experiment setting in Sec. 4.1, and
we rearrange the remaining of this section to answer each
of these questions. In Sec. 4.2, we compare LORD with
baseline methods to answer the first question. We answer
the second question in Sec. 4.3 by conducting an in-depth
analysis of the reward values generated by LORD. Ablation
studies are provided in Sec. 4.4 to answer the third question.
Sec. 4.3 presents qualitative results .

4.1. Experiment Setting

We adopt Highway-env [20] to conduct all experiments.
Highway-env is a well-established simulation platform for
closed-loop autonomous driving task in which npc vehicles
can react to ego’s behavior. It is wildly used in the research
work of autonomous driving [40,41]. We follow [41] to set
up the environment and we create various traffic situation
by setting the density of vehicles and the number of lanes

as [40] does to test all methods. Detailed configurations can
be found in the supplementary materials.

Notably, Highway-env provides a simplified visualiza-
tion where all vehicles are depicted as rectangles. These
rendered images are likely out of the training distribution
of the large pretrained models. In consequence, our large
model based rewards may not work well for the settings
with image or video based observations. To remedy this
issue, we modify the graphics of the Highway-env by re-
placing the rectangle textures with more photorealistic car
images (see supplementary materials). Note that such a
modification is only used for reward generation when us-
ing image and video based observations. Meanwhile, we
also customize our opposite linguistic goals to adapt to the
image and video based observations. To be specific, we de-
fine the opposite linguistic goal for image and video based
observation as “White car collides with a blue car.” where
the white car denotes the ego vehicle and the blue car is
an npc vehicle. In this work, we don’t fine-tune any large
models to adapt to the Highway-env.

4.2. Comparison with Baseline Methods

We compare 3 variants of our method (i.e. observation
represented by image, video and text) with following base-
lines.

e GRAD [41]. The latest state-of-the-art reinforcement
learning method for the Highway-env [20]. It learns
driving policy from a graph-based state representation
using PPO [36] algorithm. The reward is a sum of 1)
a constant surviving reward which is 0.2; 2) a speed
reward linearly mapped from the speed of (20, 40) to
(0,0.8).

* CONST. Similar to GRAD except the reward only
consists of a constant surviving reward in order to mo-
tivate the ego vehicle to survive as long as possible.

e DILU [40]. The latest state-of-the-art large language
model-based method. It leverages large language
models to perform step-wise decision-making for au-
tonomous driving task.

We optimize all methods on lane-4-density-2 set-
ting in Highway-env and evaluate them on various traffic
situations, namely lane-4-density-2, lane-5-
density-2.5 and lane-5-density-3. Each evalu-
ation is repeated 17 times with different random seeds spec-
ified in the code repository' of DiLu [40]. We report Suc-
cess Rate (SR), Traveled Distance (TD) and Rewards (RE)
achieved by these methods in Table 1. Success Rate (SR) is
defined in [40] where a success denotes that the ego vehicle
survives over 30 time steps without any collisions. Traveled

Uhttps://github.com/PJLab-ADG/DiLu
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Table 1. Performance comparisons of all methods in different traffic situations of highway environments. All methods are only optimized
on lane-4-density-2 setting and evaluated on the lane-4-density-2, lane-5-density-2.5,and lane-5-density-3.
The best results are highlighted in bold and the second-best results are marked with an underline. (SR: Success Rate, TD: Traveled

Distance, RE: Rewards)

lane-4-density-2

lane-5-density-2.5

lane-5-density-3

Method SRt TD! REt SRt TDt REf SRt TDt REf
GRAD [11]  94.12 930.14 20.16 88.24 93099 2035 5882 664.55 13.61
CONST. 100.0 610.17 6.39 88.24 568.03 5.80 5294 42407 4.8
DILU [40] 70.00 - - 65.00 - - 35.00 - -
LORD image 100.0 69420 9.75 88.24 652.02 9.12 6471 57841 8.39
LORD video 100.0 63037 7.24 88.24 61277 7.67 82.35 599.86 7.78
LORD text  100.0 68224 9.27 94.12 63053 7.94 58.82 49324 5.59

Distance (TD) means how far the ego vehicle drives along
the x axis before a collision happens. We also adopt the re-
ward function defined in [4 1] to calculate the Rewards (RE)
as an additional metric to evaluate how well the ego vehicle
drives.

As shown in Table 1, in the in-domain training environ-
ment lane-4-density-2, all variants of our method
achieve 100% success rate (SR), which is 5.88% higher
than the RL-only baseline GRAD and 30% higher than
the LLMs-only baseline DILU. LORD also shows strong
generalization performance in unseen out-of domain sce-
narios. In particular, for lane-5-density-2.5, our
method with image and video based observation achieves
88.24% SR, which is same as GRAD and CONST., and
23.24% higher than DILU. With text based observation, our
method outperforms all the counterpart methods by achiev-
ing further 5.88% SR improvement. In the most complex
traffic situation, i.e. lane-5-density-3, our method
with image and video based observation outperforms the
best performing counterpart method (GRAD) in terms of
SR by 5.89% and 23.53%, respectively. These comparisons
demonstrate that the driving policy learned by our LORD
not only helps the ego vehicle to better avoid collisions in
seen environments but also generalizes well to unseen envi-
ronments.

For the metrics of Traveled Distance (TD) and Rewards
(RE), our method also outperforms the CONST. baseline
in all traffic situations, showing that our large model based
reward motivates the ego vehicle to drive faster than a con-
stant survival reward. We note that GRAD achieves much
higher TD and RE. We hypothesize it is because GRAD
directly optimizes RE in which the speed reward encour-
ages the ego vehicle to speed up. To validate our hypoth-
esis, we conduct an experiment by adding the additional
speed reward into our LORD method (observation repre-
sented by text). Since the speed is a concrete information

and can be easily obtained from the sensory inputs, adding
the speed reward is straightforward. The experimental re-
sults show that our method achieves 51.92 higher TD and
0.71 higher RE than the GRAD baseline in the most chal-
lenging lane—-5-density—3 setting.

4.3. Deep Dive into LORD

Table 1 shows comparison of the 3 variants of our
method as detailed in Sec. 3. Overall, our method with
different observation representations achieve similar perfor-
mance. Notably, LORD achieves 100% success rate in the
training environment lane-4-density-2 under all im-
age, video and text based observations, indicating the ef-
fectiveness of our LORD method. In terms of generaliza-
tion ability, LORD with text based observation achieves
higher success rate in lane—-5-density-2.5 while im-
age and video based observation helps LORD perform bet-
ter in lane-5-density—3 environment.

To have an in-depth understanding of the remarkable per-
formance achieved by LORD, we illustrate in Fig. 3 the re-
ward values generated by LORD for different states. Since
the state of the ego vehicle is a high dimensional vector that
includes position, speed and orientation information of all
vehicles in the scenario, it is impractical to visualize the
rewards with respect to the states directly. It is also ex-
tremely difficult to evaluate how good a state is and how
well the reward values align with the goodness of the states.
Therefore, we instead choose 2 features to represent a state,
namely the distance to the nearest front vehicle and the ve-
hicle’s relative speed comparing to the ego vehicle. In this
way, we can estimate their time to collision (ttc), and use the
ttc as a surrogate metric to measure how good the state is. In
addition, we also distinguish the collision and non-collision
states by coloring them in red and blue, respectively.

As shown in Fig. 3, the collision states denoted by the
red points are centered as expected at the area having small
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Table 2. An ablation study of our method using opposite goals versus target goals. Our approach witnesses the opposite goals show

significantly improved generalization performance on challenging scenarios.

lane-4-density-2

lane-5-density-2.5

lane-5-density-3

State  Goal SRt TD{ REf SRt TDt REt SRt TDt RE?
Image OPPO: 1000 69420 075 88.24 652.02 9.12 64.71 578.41 8.39
target 70.59 672.92 10.03  47.06 639.69 10.01 2941 52748 7.78
Video OPPO- 1000 63037 7.4 8824 61277 17.67 8235 599.86 7.78
target 100.0 679.10  9.14 7647 646.01 8.34 58.82 519.54 632
Tox(  OPPO- 100.0 68224 9.27 94.12 630.53 17.94 58.82 49324 5.59
target 100.0 672.88  8.87 7647 583.62 7.52 2353 305.66 3.81

reward
reward

reward
reward

5
10 52 10 5
e 0 0 ¢

(c) LORD (text) (d) GRAD [41]

Figure 3. Illustrations of the reward values generated by our
LORD under various observation representations and GRAD [41]
for different states. We distinguish different states in terms of the
ego vehicle’s distance to its nearest front vehicle and their speed
difference. In this way, time to collision can be roughly estimated.
Blue points denote collision-free states while red points indicate
the ego vehicle collides with other vehicles.

distance to the front vehicle and negative speed difference,
which means that the ego vehicle collides with the front ve-
hicle at a higher speed. From Fig. 3a, 3b and 3c, we can
see that our LORD consistently assigns smaller rewards to
these collision states. For non-collision states denoted by
the blue points, we also observe a decrease in reward values
along the trend over the time to collision, especially when
the distance is small and the speed difference is negative
as such a collision is more likely to happen. We note that

when the ego vehicle is far away from the front vehicle or
drives slower than the front vehicle, more tailored features
might be needed to evaluate the state in such cases. Colli-
sions could also happen as the red points in the area of large
distance and positive speed difference show. In comparison,
GRAD [41] gives high rewards even to the collision states
as Fig. 3d shows. The rewards also show a clear upward
trend when the speed difference becomes negative, i.e., the
ego vehicle drives faster than its front vehicle. It is expected
as GRAD adopts a speed reward but such a reward strategy
doesn’t encourage a safe driving policy.

4.4. Effectiveness of Opposite Reward Design

To validate our opposite reward design, we conduct abla-
tion study to compare the 3 variants of our method with the
ones using the corresponding target goals. To be specific,
when using image and video to represent the observation,
we set the target goal as “White car drives safely.”. For
the setting using text to represent the observation, the target
goal is set as “Ego is driving safely.”. In addition, when us-
ing the target goal, we define the reward r; at time step ¢ as
the cosine similarity between the state o, and the target goal,
ie. ry = similarity(ot, goal) where the similarity(-,-)
function is defined in Eq. 1.

The comparisons of the methods using our opposite
goals and target goals are shown in Table 2. Overall, in
terms of success rate (SR), all variants of our method with
opposite reward design consistently outperform their coun-
terparts using target goals in all traffic situations, indicating
that our opposite reward design is more effective in learn-
ing a safe driving policy. In addition, while the method
using target goals achieves competitive performance in in-
domain traffic situation lane-4-density-2, its perfor-
mance degrades a lot in more difficult out-of-domain traffic
situations. In particular, with video and text based obser-
vation, the method using target goals achieve 100% SR in
lane-4-density-2. However, its SR drops to 76.47%
in lane-5-density-2.5 and finally to 58.82% and
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Figure 4. Illustrations of how the driving policy learned by our LORD with image, video and text based observation performs in the
lane-5-density-3 setting of Highway-env. The ego vehicle is colored in green with a line depicting its past trajectory. The ego

vehicle behaves properly in the congested traffic scenarios.

23.53% respectively in 1lane-5-density-3. It demon-
strates that the target goal reward design is not generalizable
for autonomous driving task. Comparing to our method, in
lane-5-density-2.5, we note that the method with
target goal reward design has a slightly higher rewards (RE)
under image and video based observation. However, its
success rates (SR) are much lower. Specifically, while the
target goal reward design obtains 0.89 and 0.67 higher RE
under image and video observation, the SR is 41.18% and
11.77% lower than ours. We explain this as the method
using target goals learns to accelerate but ignores the im-
portance of avoiding collisions. More importantly, in the
most difficult traffic situation 1lane-5-density-3, our
opposite reward design outperforms the target goal reward
design in all metrics, showing the superiority of our method
in generalization.

4.5. Qualitative Results

Fig. 4 depicts how the driving policy learned by our
LORD in lane-4-density-2 setting of Highway-env
performs in more challenging lane-5-density-3 en-
vironments with image, video and text based observation
respectively. As shown in the figure, the ego vehicle learns
to behave properly in the congested traffic scenarios even
if it hasn’t encountered such situations before. For exam-
ple, from the top row of Fig. 4, we can see that the ego
vehicle chooses to follow the front vehicle when there is no
room for a lane change. Once the ego vehicle surpasses all
left-lane vehicles, it makes a left lane change to gain more
space. The ego vehicle also learns to overtake its front vehi-
cle with video based observation as illustrated in the middle
row. Similarly, with text based observation, the ego vehi-
cle also succeeds in improving its situation by changing its
lane to the right. We provide more qualitative results in the
supplementary materials.

5. Conclusion and Future Work

In this paper, we introduce a novel large models based
opposite reward design (LORD) framework for autonomous
driving. LORD presents opposite reward design through
undesired linguistic goals for efficient use of large pre-
trained models as zero-shot reward mechanism since such
undesired goals are more tractable and comprehensible for
large pretrained models compared to desired ones. We
leverage large pretrained image, video and language models
with a cosine distance objective in our reward function. We
integrate LORD with reinforcement learning algorithms to
perform autonomous driving tasks. Extensive experiments
on the closed-loop autonomous driving tasks show the effi-
cacy of the opposite reward design mechanism over the de-
sired target goal reward design. Moreover, LORD achieves
improved generalization performance over the counterpart
reinforcement learning and language model based methods.

Our experiments are currently confined to Highway-env
simulation as baseline approaches only report their perfor-
mance in this simulation. We also note that the exceptional
abilities of large pretrained models have not been fully uti-
lized due to the simulated images and videos we input and
thereby limits the performance of our approach. We will as-
sess our approach on more environments in our future work.
In this work, our study has evolved around the “collision” as
our opposite linguistic goal. In reality, there are numerous
undesired driving behaviors and situations the autonomous
agents should avoid, such as running a red light, occupying
an emergency lane or violating other traffic rules. With our
opposite reward design, we can add these undesired behav-
iors as additional opposite linguistic goals into our LORD
framework so that we can further optimize the driving pol-
icy. In our future work, we will explore these in more so-
phisticated environments as Highway-env does not contain
such detailed information.
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