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Abstract

Autonomous driving has made substantial progress re-
cently, achieving reliable performance in most real-world
environments. However, existing algorithms still depend
heavily on high-definition maps, making them ineffective
in mapless scenarios such as indoor parking lots. These
limitations hinder seamless point-to-point navigation and
restrict the broader deployment of the autonomous driving
system. To address this challenge, we propose DriveVLN,
a new task that extends Vision-and-Language Navigation
(VLN) to autonomous driving. DriveVLN employs vi-
sual and linguistic priors to guide vehicles toward desti-
nations based solely on concise natural-language descrip-
tions, without access to predefined maps or routes. Unlike
conventional VLN, which relies on detailed step-wise in-
structions in indoor environments, DriveVLN requires mod-
els to produce navigation information based on diverse vi-
sual cues and history, including signs, landmarks, and tex-
tual indicators. We further develop a CARLA-based simu-
lation engine comprising over 200 realistic scenes recon-
structed from real road scans, enabling large-scale training
and closed-loop evaluation. A baseline model is established
through supervised fine-tuning on real data, followed by re-
inforcement learning in simulation. Comprehensive exper-
iments show that DriveVLN effectively bridges map-based
and mapless driving, providing a new foundation for uni-
fied, language-driven autonomous navigation in complex
real-world environments.

1. Introduction

Autonomous driving has achieved remarkable progress in
recent years [9, 11, 17, 41], enabling efficient and safe driv-
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Figure 1. Comparison of three different taskes. (a) Most con-
ventional autonomous driving systems rely on navigation maps as
priors to realize the driver’s intent. When the destination lies in
regions without reliable maps, the system often fails. (b) Vision-
and-Language Navigation (VLN) was proposed to address such
cases, but existing work is rooted in indoor robotics, assuming
fine-grained step-by-step language supervision as priors. VLN for
autonomous driving scenarios remains largely unexplored. (c) We
introduce Drive VLN, a new task that achieves point-to-point nav-
igation using only visual inputs and coarse, destination-only lan-
guage prompts.

ing in most scenarios. However, there remain specific sit-
uations where general autonomous driving algorithms still
fail to meet practical requirements [26, 28]. These limita-
tions hinder the seamless point-to-point navigation expected
from fully autonomous vehicles. Among these challenging
situations, mapless driving scenarios represent one of the
most common and critical problems yet to be solved.

As shown in Fig. 1(a), conventional autonomous driving
systems heavily rely on navigation maps to plan feasible
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routes and provide navigation guidance toward a destina-
tion [10, 33]. However, in mapless environments, the lack
of precise geographic and route information prevents the
system from determining which driving decisions should
be made at each moment. Consequently, the vehicle can-
not accurately infer how to move toward its goal under such
uncertainty.

To address navigation in mapless settings, several algo-
rithmic approaches have been proposed [18, 27, 30, 44],
with Vision-and-Language Navigation (VLN) being one of
the most representative. As illustrated in Fig. 1(b), VLN
methods use natural language instructions, combined with
corresponding visual observations of the environment, to
infer the correct actions that lead an agent from its start-
ing point to the target location [2, 15, 40]. While effective
for indoor robotic navigation, these methods are difficult to
adapt to autonomous driving tasks. A key challenge is that,
in mapless driving scenarios, even humans often cannot pro-
vide detailed and precise natural language descriptions that
capture the spatial relationship between the current location
and the destination. In most real-world cases, drivers know
where they want to go but not how to get there. This funda-
mental gap poses a significant obstacle to extending VLN
approaches to real-world autonomous driving scenarios.

To overcome the limitations of existing methods, we pro-
pose a new task called DriveVLN, as shown in Fig. 1(c),
which extends the core idea of Vision-and-Language Navi-
gation (VLN) to autonomous driving. Drive VLN leverages
both visual and linguistic priors to guide a vehicle toward
its destination without relying on a pre-built map. While in-
spired by VLN, our task is carefully adapted to the unique
requirements of real-world driving scenarios, enabling the
concept of VLN to be effectively applied to mapless au-
tonomous driving.

Specifically, DriveVLN differs from traditional VLN in
three key aspects: First, the form of language guidance is
fundamentally different. Conventional VLN tasks use de-
tailed, step-by-step descriptions that specify key landmarks
and actions along a predefined route. In contrast, Drive VLN
operates without knowledge of the complete driving path.
Its linguistic reference only provides a description of the
destination rather than the entire route. Second, the tar-
get environments are distinct. In autonomous driving, es-
pecially in typical mapless settings, the environment is of-
ten rich in implicit navigational cues. These cues may ap-
pear as diverse signs or text, and experienced human drivers
can interpret their spatial layout to infer the correct driv-
ing route. Accordingly, DriveVLN requires the model to
develop a similar capability: understanding and leveraging
these visual indicators for effective navigation. Third, the
task execution itself is more complex. Unlike indoor nav-
igation, DriveVLN involves actual vehicle control. It de-
mands not only accurate route reasoning but also precise

decision-making and motion planning to ensure safe and
goal-directed driving behavior.

With these design principles, DriveVLN enables au-
tonomous vehicles to interpret destination-level natural lan-
guage commands, understand their visual surroundings, and
drive toward the goal without map priors. Ultimately, this
framework bridges the gap between map-based and mapless
driving, achieving seamless point-to-point autonomy across
diverse real-world environments.

To support this new task, we developed a novel data
pipeline upon the CARLA simulator [14]. The pipeline cre-
ated 200 diverse driving scenarios, each constructed from
real-world road scans to faithfully replicate authentic driv-
ing structures. This environment provides rich and high-
fidelity data for training the DriveVLN model. In addi-
tion, we design a closed-loop benchmark for evaluation,
where the vehicle is initialized at a specific position within
a scene and given a textual description of the destination.
The model must then safely navigate autonomously to the
target location. Beyond standard autonomous-driving met-
rics such as L2 error and collision rate, our benchmark also
incorporates VLN-specific metrics, such as arrival success
rate and navigation error, to jointly assess both navigation
accuracy and driving safety.

Based on this benchmark, we further introduce a baseline
model for the DriveVLN task. Our Drive VLN model con-
sists of two components: a planning module for generating
trajectories and a navigation selector. Given onboard sen-
sor inputs and without any navigation map priors, the plan-
ner enumerates a set of drivable candidate paths from the
current ego state. These candidates are destination-agnostic
and encode feasibility only. We then convert them into vi-
sual representations to define the decision space. The se-
lector then consumes the language instruction, jointly rea-
soning over drivable-area cues and available directional in-
dicators in the visuals. Finally selects a trajectory from this
decision space.

Our contributions can be summarized as follows:

* We introduce a mapless VLN task: a new setting in which
an autonomous vehicle safely reaches a destination from
simple human language instructions without relying on
navigation maps, filling a gap in current research on au-
tonomous exploration under mapless conditions.

* We build a benchmark on the CARLA simulation engine,
offering 200 diverse and realistic mapless roaming sce-
narios with an autonomous data generation pipeline. We
also establish standardized metrics and evaluation proto-
cols to provide a unified basis for training, testing, and
comparing VLN methods in this setting.

* We design a new baseline model tailored to our task. The
model is composed of a planning module and a navigation
selector. A two-stage training strategy that combines real
and simulated data to construct a well-performing base-
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line model.

e We validate the baseline on our benchmark. Across
different scenarios, the baseline achieves state-of-the-
art performance on the constructed benchmark, demon-
strating its effectiveness and feasibility for mapless au-
tonomous parking.

2. Related Works

2.1. Language-Guided Autonomous Driving

Language-guided autonomous driving has recently emerged
via open-loop evaluations and VQA-style supervision [23,
45, 46]. Wayve’s LINGO [29] series uses language to ex-
plain and train foundation driving models. DriveLM [38]
introduces Graph-VQA chains that reflect reasoning from
perception, prediction, and planning. NuScenes-QA [35]
and LingoQA [29] supply large-scale question-answer pairs
over multi-modal driving scenes. While these improve ex-
plainability and scene understanding, most are open-loop
or decoupled from closed-loop control. For action-oriented,
Talk2Car [13] grounds passenger commands to referred ob-
jects in nuScenes[6], and recent VLM-driving systems such
as DriveVLM [43] and LMDrive [36] couple language with
end-to-end policies, yet typically presume navigation map
priors. Our DriveVLN pushes toward mapless, destination-
level grounding with full closed-loop rollouts.

2.2. Benchmarks for Vision-and-Language Naviga-
tion

For VLN benchmarks, Room-to-Room [3] and Room-
for-Room [19] evaluate instruction following via prede-
fined step-by-step routes, using static image observations
to ground the instructions. Some benchmarks are pro-
posed targeting richer environments and decision-making
recently, including CVDN [42], REVERIE [34], and
SOON [48]. While these benchmarks standardize the eval-
uation of robotics-related tasks, they overlook the metrics
commonly adopted in autonomous driving, thereby creat-
ing a substantial gap in evaluating driving-oriented VLN.
The closed-loop benchmark on autonomous driving, such as
Waymo Open Sim Agents Challenge [31], still cannot eval-
uate VLN tasks in mapless scenarios. DriveVLN closes this
gap by combining navigation metrics with driving-centric
evaluation to jointly measure goal-reaching accuracy and
safety under destination-only language.

Some autonomous driving benchmarks are built upon
specific simulators. CARLA [14] established an open,
highly controllable driving simulator and Leaderboard met-
rics [8] for closed-loop assessment. Bench2Drive [20] pro-
posed a closed-loop benchmark based on CARLA simula-
tor for end-to-end autonomous driving. Additionally, data-
driven simulators such as nuPlan [7], Waymax [16] and
VISTA 2.0 [1] are proposed. The compositional genera-

tors like MetaDrive [24] enable large-scale training and re-
alistic online evaluation. Our newly proposed benchmark
builds on CARLA and reconstructs 200 scenes from real
scans specifically for language-driven, mapless navigation
and reports both driving and VLN metrics.

3. The Proposed Vision-and-Language Naviga-
tion Benchmark

We present Drive VLN, a novel benchmark built within the
CARLA simulator for vision-language navigation (VLN)
in autonomous driving under sparse prior information and
mapless conditions. Drive VLN benchmark formalizes the
VLN task in autonomous driving and provides a dataset
that comprises 200 high-fidelity scenes. These digital-twin
scenes are aligned well with the real world, primarily tar-
geting environments where navigation maps are often un-
available, such as indoor parking lots. The dataset also
with complete routes from a random starting point to the
destination and textual task descriptions. To construct the
dataset, we develop a CARLA-based data pipeline with
strong flexibility, extensibility, and reproducibility, which
enables large-scale data collection and simulation. We fur-
ther define a suite of evaluation metrics to enable fair and
consistent comparison across diverse baseline models.

3.1. Task Definition

In general, driving with natural language navigation re-
quires the model to output an executable trajectory w; to-
wards the correct direction at the current time step ¢ based
on a given text instruction 7' and the input RGB image
I. We formalize the proposed task as an option-based
Partially Observable Markov Decision Process (POMDP)
[21, 22, 39].

We first define the state space S={sg, $1, ..., s} of the
ego vehicle. At each time ¢, the posture x; and the driv-
ing command c; of the ego vehicle are obtained by sen-
sors. The success of the VLN task directly depends on
whether the destination has been reached. Therefore, we
introduce g; € {0,1} to the state space as an arrival flag,
where g; = 1 indicates arrival and g, = 0 otherwise.
This flag serves as the termination condition for the agent.
Consequently, the ego state at time step ¢ is defined as
st = (x4, ¢, g¢). The observation oy is generated from the
rendered image I; ~ O(- | s¢), where O denotes the simu-
lator’s rendering process. A sequence of such observations
o constitutes the observation space Z. At each decision
step, the VLN agent conditions its decisions on the history
hy = (T,00.t,a0.+—1). A planner generates K candidate
trajectories based on the current observation as the action
space:

Ap = {wiizy ~ Plor)

where P denotes the planner and each candidate trajectory
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Figure 2. Overview of the Data Generation Pipeline. (a) We first generate static scene assets from the collected topology information.
Then, repair and rearrange the coarse-grained detected elements. (b) We perform text and scene augmentation. Conditioned on user-
intent keywords, we synthesize diverse instruction paraphrases. In the environment, we apply rule-based stochastic placement of traffic
participants and obstacles and procedurally render lane markings and traffic signs. (c¢) Finally, we automatically record and annotate data

along predefined routes in the CARLA simulator.

wF consists of L waypoints. The selector chooses one tra-

jectory using policy mg(w | h¢,.A¢) and the simulator ~ ex-
ecutes it for L steps to yield controls as.¢+r—1. When A;
degenerates into a single externally supplied fine-grained
route with deterministic «, the formulation collapses to con-
ventional VLN execution and evaluation.

3.2. Data Generation Pipeline

We propose a Topo2Sim data generation pipeline for au-
tonomous driving built on CARLA simulator. The pipeline
consists of three stages. First, the pipeline generates the
scene assets from topology information collected by vehi-
cles, then augments the textual instructions and scene ele-
ments. Finally, we conduct data collection with automatic
labeling in the simulator.

3.2.1. Generate Scene Assets

Scene topology information originates from drive data col-
lected in real environments. During preprocessing, up-
stream models detect road centerlines, the geometries and
connectivity patterns of junctions, parking slots, and static
obstacles such as pillars and walls, and they log a series of
points of interest (POIs). These POlIs are typical user desti-
nations such as exits and EV chargers. All topological enti-
ties are represented in geodetic coordinates and stored in a
structured file. The asset generation process can be divided
into three stages.

Coordinate Normalization. All topology coordinates
are provided as raw WGS84 geodetic coordinates. We first
convert them to metric units, then apply a unified transform
to the simulator’s coordinate frame. Finally, we remove
salient outliers and re-sample each edge at uniform spacing,
enabling robust downstream post-processing.

Lane Boundary Generation. For each lane centerline
Ce, we first parameterize it by arc length s.

Ce: s (x(s5),y(s))

Using the Frenet frame, we define at position s the unit nor-
mal vector N(s) pointing laterally from the centerline. We
then compute the left and right road boundaries as

where B*(s) represents the positions of each side lane
boundary at arc s, and w(s) denotes the lane width.
Junction continuity and connectivity maintenance.
We detect shared endpoints across polylines and enforce
consistent parameterization and boundary alignment at
those shared points. Then, we populate directed predeces-
sors and successors based on endpoint matching and local
tangent compatibility. This step turns the lanes into a di-
rected multigraph suitable for routing in the simulator.

3.2.2. Autonomous Augmentation and Data Collection

Our augmentation strategy has two components: text aug-
mentation and scene augmentation. For each POI, we
leverage GPT-4 to derive keyword-conditioned paraphrases,
yielding semantically equivalent but lexically diverse navi-
gation instructions for training and thereby improving the
model’s robustness. For scene augmentation, we exploit the
simulator’s flexibility. Through rule-based stochastic pro-
cedures, we populate environments with parked vehicles,
other traffic participants, and elements such as lane mark-
ings, obstacles, and traffic signs. This enables multiple real-
izations of a scene to be generated from the same topology,
increasing data diversity during collection.
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Figure 3. Overview of the DriveVLN Model Framework. Our framework has two components. The Planning Module encodes on-
board sensor data and generates feasible driving trajectories based on trajectory anchors. The Navigation Selector is built upon a VLM
architecture, which is responsible for selecting a reasonable path among multiple feasible candidates that leads toward the destination.

Under our task definition, the VLN decomposes into two
sub-tasks. The first one is deciding whether the ego vehicle
has reached the destination, which is the termination crite-
rion. The second one is issuing navigation signals that steer
the vehicle toward the goal. On straight road segments, the
primary objective is arrival checking. When approaching
an intersection, the policy must select the correct branch
conditioned on the language instruction and the visual ob-
servation. Accordingly, we fuse lane centerlines with in-
tersection geometry to construct a road-topology decision
graph G = (v,e). We define a decision node as the ego
pose immediately before a junction and oriented toward it.
Each decision node connects to several candidate branches,
each leading to the next decision node. These branches are
instantiated by lane-centerline segments that compose into
polylines and serve as graph edges. Edge lengths are metri-
cally consistent with the physical road network, yielding a
faithful reconstruction of the real scene.

During data collection, we align our logging protocol
with NAVSIM[12]. In CARLA, we mount eight RGB cam-
eras and one LiDAR on a data-collection vehicle. We ran-
domly select a decision node as the start and a POI as the
destination, and compute the shortest path on G using phys-
ical road length as the edge weight, yielding the optimal
route. Beginning at the start node, we record at 2 Hz along
straight road segments. At each decision node, we addi-
tionally capture a keyframe to mark the junction, projecting
all feasible paths into the front camera to supervise VLN
training. We also log the ego vehicle’s control commands
and executed trajectory from the simulator’s motion plan-
ner, enabling training of the planning module.

4. DriveVLN Model
4.1. Model Framework

Our DriveVLN model comprises a planning module and
a navigation selector. The planner proposes a set of
traversable but destination-agnostic candidate trajectories
based on the given current multi-sensor observations. The
selector handles decision-making and chooses a comfort-
able and safe trajectory. Conditioned on visual context, can-
didate trajectories, and language instruction, it chooses the
option that best advances toward the destination.

Planning Module. The planning module is a real-time
trajectory generator which is instantiated using Diffusion-
Drive [25] as a baseline. Given egocentric RGB and LiDAR
data as conditions, use the anchored Gaussian distribution
as prior to sample some noisy trajectories. Then the plan-
ning module performs a denoise process. We select the top-
k outputs as feasible driving trajectories under the current
state, defining the selector’s action space A;. To be con-
sistent with NAVSIM, each output trajectory w, has eight
waypoints over a four-second horizon.

Navigation Selector. As illustrated in Fig. 3, we use an
instruction-following VLM fine-tuned from Qwen2.5-VL-
3B [4] as the navigation selector. We first rasterize the can-
didate trajectories onto the forward camera image with dis-
tinct colors. We then feed the resulting composite together
with the language instruction into the model. The selector
first determines whether the destination has been reached. If
not, it selects a candidate path by answering the color cor-
responding to that path as the navigation action. The cor-
responding trajectory is then passed to the simulator, which
computes a series of metrics. To preserve temporal context,
the selector maintains a rolling history of visual input and
past decisions by QA turns, enabling decisions that are con-
sistent with the route taken so far.
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4.2. Training Strategy

Trajectory Foundry. First, we finetune a well-performed
planner module. We sample random routes from augmented
scenes and use the simulator to generate ground truth tra-
jectories. The start and end points are randomly set so that
the trajectories are without destination-related priors. Then,
we obtain the anchors by clustering all recorded trajecto-
ries. The planner learns to propose drivable yet destination-
agnostic trajectories.

Second, we perform instruction tuning on the selector
using real-world collected discrete single-frame data. The
POI description is augmented and concatenated with a pre-
defined prompt template, while the model output is con-
strained to the fixed format:“(arrived or not);(color_i)...”

Through supervised training and instruction tuning, the
planner acquires basic trajectory-generation ability, while
the selector learns the QA behavior and output format. No-
tably, the selector may return multiple candidate paths at
this stage. Under limited priors, routes to a destination can
be non-unique. Next, we introduce Policy Tempering to
further disambiguate and reduce such multiplicities.

Policy Tempering. During this stage, we focus train-
ing on optimizing the navigation selector. We conduct rein-
forcement learning so that it learns to exploit its own deci-
sion history to compensate for missing priors at the current
timestep. For example, when the agent arrives at an inter-
section with no navigation cue, the policy is encouraged to
rely on accumulated context and experience to choose the
correct branch.

We randomly initialize a start node s and set the goal
g to a sampled POI on G. During navigation, the selector
emits M discrete decisions, producing the visited decision-
node sequence Vo.pr = (99 = 8,01,...,00). The edge
weight between two decision nodes is given by the phys-
ical length of the corresponding lane-centerline segments
from the scene topology information. Let the optimal route
be vo.x = (vo = $,v1,...,vxk = g), with total geomet-
ric length L = > w(e). At decision time ¢, we denote
the selector’s chosen trajectory by 7 = {P;;}~ , and the
ground-truth trajectory by 7, = {ps.;}~ ;. Both segments
are arc-length resampled to share the same L waypoints.
We use a binary indicator Col; € {0, 1} to record whether
any collision occurs after executing the navigation choice at
time ¢. Naturally, the reward R comprises two terms.

The first term computes a local reward that accounts for
trajectory comfort and safety. Comfort measures the align-
ment between the selected and the ground truth trajectory.
We take the mean distance between the L waypoints and
normalize it to [0, 1]:

L
1 A
Smatch ea:p(—z E min||Pe; — Prill2) (1)
=1

Safety is implemented as a gate S;*/° = 1 — Col,, so any
collision at step t zeroes the score:

riocal — S:afe . Sznatch (2)

The per-step local reward and its episode-level aggregation
over M selector decisions are

1 M
7-\J'local - M t_zl ,r,iocal (3)

The second term is a global reward that is computed only
after M rounds of interaction. It measures how consis-
tent the whole route induced by the selector from the start
node is with the shortest route. First, we compare the cho-
sen route with the optimal route on equal-length prefixes to
count whether the same branch is taken at each time step:

T
> 1ty =], T =min(M,K) (4

t=1

1
Sprefiz = T

Next, we compute the edge-overlap ratio between the cho-
sen route and the shortest route. Let & = {(v;_1,v¢)}M,
be the set of edges traversed by the model, and let € be the
edge set of the prefix of the optimal path.

[ENel
maa(L, <)

®)

Soverlap =

The global score is finally defined as
Rgtobal = alsp'r'efiz + OCQSoverlap + O‘SI[CW‘TZ'Ued} (6)

The learning objective is to maximize the discounted re-
turn:

t
J(0) =E[>_7'R] (7)
t=0
Rt = )\Rlocal + (]- - )\)Rglobal (8)

where v € (0, 1] indicates the discount factor, A used to
balance the rewards, and 1[-] provides a reward to the model
when it successfully arrives at the destination.

At step t, the planner proposes A;. The selector, which
is our policy, chooses an option w; ~ ma(+|hs, A;). Let
Ty = 25;01 Y¥Iryj and hyyp be the reward and history
after executing the choice. We add a term to Equation (11)
that represents an KL prior to an SFT policy 7, then the
episodic objective becomes:

max J (6) = E[imt]
t=0

— BE[KL(mo(- | ha, A || mo(- | B, A0)] -
)
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Then we apply the policy gradient theorem, and the gradient
depends on the selector only:

t
V@J =E ZVQ IOgﬂ'g(wt ‘ ht,.At)At (10)
t=0

Using the old policy ﬂgld, we sample NV rollouts, each con-

sisting of M interaction rounds, and calculate the reward
{R,}N_,. The advantage term A; can be estimated using
any effective method from reinforcement learning. In our
implementation, we follow best practice and adopt Group
Relative Policy Optimization (GRPO) [37] as the advantage
estimator:

R R, — L3R, _
A, = NZJ_J 73:%2}% (11)
\/% Z]‘(Rj _R)z"'ﬂ J

Finally, we compute the GRPO loss Lgrpo and update the
policy parameters 6.

5. Experiment

5.1. Evaluation Metrics

We couple the reward design used during Policy Temper-
ing with an evaluation suite that draws from classical VLN
(navigation success and error rates) and driving-specific
metrics (collision rate and L2 error).

Following the closed-loop evaluation protocol of the
CARLA Leaderboard [8], the primary metric is the Driv-
ing Score D, defined as route completion multiplied by an
infraction penalty:

D=RC-IP (12)

IP is derived from our local reward. Over the full path ob-
tained after M interaction rounds, we count the total num-
ber of collision events N, and map it into (0, 1] via an
exponential normalization:

Pcol = emp(_Ncol) (13)
For each time step, we then define a deviation threshold:
Ay = max(0,1 — Smateh — )

[ is the tolerance we set to 0.2, and we calculate the devia-
tion penalty:

1

Piev = eap(—7 > A (14)
t

Finally, we get the Infraction Penalty:

IP = P,y - Pyey (15)

RC is derived from our global reward. We first define a
navigation accuracy:

Q = w‘s’prefia: + (1 - W)Soverlap; w e [Oa 1]

Then the SR = 1[arrived], NE = 1 — @, and calculate
the route completion:

RC =SR+(1-SR)-(1—- NE) (16)

5.2. Implementation Details

We conduct experiments on eight NVIDIA A800 GPUs.
During the Trajectory Foundary phase, we implemented the
planner using the official code of DiffusionDrive [25], with
both training and inference following its original settings.
All training data are collected from the DriveVLN bench-
mark, based on the CARLA simulator. The dataset contains
a total of 352,230 frames and is trained for 50 epochs.

While performing LoRA SFT on the selector, we use
Llamafactory [47], with the learning rate set to 1 x 10~4,
the LoRA rank set to 64, and the batch size per GPU set
to 4. We trained using a total of 40,780 frames of images,
with each image having a resolution of 800 x 600. The total
training spanned 5 epochs.

In the Policy Tempering phase, we set M = 8§, N =
10, which means we rollout eight times per round and each
rollout has ten interactions. The weight of the KL loss was
set to 0.001, the learning rate was set to 1 X 103 with a
cosine annealing strategy, and training was also conducted
for 5 epochs.

5.3. Experimental Result Analysis

We evaluate different baseline models as the navigation se-
lector on the DriveVLN benchmark. The baseline models
include state-of-the-art proprietary multimodal VLMs such
as Seed-1.6 [5] and GPT-5 [32], as well as a widely used
open-source VLM model, Qwen2.5-VL-72B [4]. We ran-
domly sample 20 preset routes across the augmented scenes.
At test time, the planning module proposes feasible trajec-
tories. We take the top-4 trajectories by confidence, project
them to the perspective view, and pass them to the naviga-
tion selector. Following Sec. 5.1, we compute the L2 error
and collision rate for each frame to assess the safety and
comfort. At each decision node, we record the navigation
choice to derive the success rate and navigation error for
VLN competence. These four metrics are aggregated into
the Driving Score, which ranges from 0 to 1. As shown in
Tab. 1, our Drive VLN achieves the best overall performance
with a Driving Score of 0.67, followed by Seed-1.6 [5] at
0.60. Both maintain a low L2 error and collision rate, in-
dicating safe and comfortable choices. Nonetheless, due
to task difficulty, all methods achieve arrival rates below
0.5, suggesting substantial headroom for improvement on
the DriveVLN task.
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Table 1. Quantitative Evaluation. Comparison with different models on the DriveVLN benchmark.

L2(m) | Col. Rate(%) |
Models ‘ DSt ‘ SR T ‘ NE | } Is ‘ 2s ‘ 3s ‘ Avg. } Is ‘ 2s ‘ 3s ‘ Avg.
Seed-1.6 [5] 0.60 0.38 0.56 0.121 0.249 0.391 0.316 0.084 0.090 0.093 0.101
GPT-5 [32] 0.48 0.23 0.56 0.448 1.190 2.132 1.550 0.095 0.115 0.140 0.170
Qwen2.5-VL-72B [4] 0.45 0.21 0.59 0.505 1.396 2.537 1.868 0.108 0.143 0.191 0.240
Drive VLN(Ours) 0.67 0.44 0.49 0.136 0.223 0.344 0.283 0.088 0.090 0.094 0.096

Table 2. Evaluation on Real World Data. We evaluate VLN performance of different models on real-world data by selecting the three
most frequent destinations. arr. reports arrival-detection accuracy, while navi. reports trajectory-selection accuracy.

Parking Slot EV Charger Exit&Entrance Overall
Models
arr. ‘ nav. arr. ‘ nav. arr. ‘ nav. arr. ‘ nav.
Seed-1.6 [5] 59.42 48.66 52.83 52.83 50.92 50.51 56.15 49.68
GPT-5 [32] 81.31 56.28 69.27 57.14 87.83 63.19 81.89 58.43
Qwen2.5-VL-72B [4] 1.34 50.41 32.08 52.56 87.83 44.79 30.51 48.98
DriveVLN (Ours) 98.61 68.54 58.76 58.49 89.47 56.24 91.40 63.75

We further assess several baselines on real-world pro-
duction data in a single-turn question and answer setting.
We manually annotate the drivable paths, prompt each
model toward three distinct destinations, including the park-
ing slot, the EV charger, and the exit&entrance. We re-
port accuracy for two fundamental capabilities on discrete
frames: arrival detection and navigation path selection. As
shown in Tab. 2, our model attains state-of-the-art results
on nearly all items. Qwen2.5-VL-72B [4] underperforms on
detecting arrival at the parking slots, which only has 1.34%
accuracy, whereas GPT-5 demonstrates strong generaliza-
tion, outperforming other baseline models under the long-
tail distribution characteristic of parking lots.

5.4. Ablation Studies

We ablate the two-stage training strategy and the choice of
planner module. The results are summarized in Tab. 3.
With only supervised fine-tuning in the Trajectory Foundry
stage, the model makes reasonable single-frame navigation
decisions. However, its navigation performance in mapless
settings degrades because it under-utilizes historical con-
text and lacks robust environmental priors. Under limited
prior cues, especially when visual guidance is missing, the
driving score is 0.49, and the success rate is 0.21. After
reinforcement learning in the Policy Tempering stage, the
DriveVLN module acquires stronger global route awareness
and exhibits more “intuitive” judgments at inference. Us-
ing the local reward, it prefers safer and more comfortable
trajectories and filters out the clearly erroneous candidates.
When expert trajectories are used as planner outputs, colli-
sions and L2 error are zero by construction and are therefore
omitted from Tab. 3. Compared to DiffusionDrive outputs,
expert trajectories are more regular in PV view and less
noisy and closer to the SFT training distribution. There-
fore, this setting yields a slight performance gain. Overall,
regardless of the planner module, Policy Tempering sub-
stantially improves DriveVLN performance.
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Table 3. Ablation Study. We present ablation results across train-
ing stages and planning module choices. DD indicates the Diffu-
sionDrive model.

Stage Planner DSt SR 1 NE | L2 Col |
SFT DD 0.49 0.21 0.53 0.457 0.107
SFT+RL DD 0.67 0.44 0.49 0.283 0.096
SFT Expert 0.23 0.48 -
SFT+RL Expert 0.51 0.42

6. Conclusion

In this work, we introduced Drive VLN, a new vision-and-
language navigation task designed for autonomous driv-
ing in mapless environments. By extending the princi-
ples of VLN beyond indoor robotics, DriveVLN enables
vehicles to interpret natural-language destination descrip-
tions and navigate safely without relying on high-definition
maps. We developed a large-scale CARLA-based bench-
mark containing 200 realistic driving scenes, along with a
closed-loop benchmark that jointly evaluates driving safety
and navigation accuracy. To establish a starting point for
future research, we proposed a baseline model that inte-
grates supervised fine-tuning on real driving data with re-
inforcement learning in simulation, demonstrating the fea-
sibility of language-guided driving control. Experimental
results show that DriveVLN effectively bridges map-based
and mapless driving, supporting seamless point-to-point au-
tonomy. In the future, we plan to expand DriveVLN toward
larger and more diverse real-world datasets, explore large-
scale language models for more robust reasoning and gener-
alization. We believe that Drive VLN lays an essential foun-
dation for next-generation autonomous driving systems that
combine perception, language understanding, and decision-
making in a unified framework.
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