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Abstract— Global navigation information and local scene
understanding are two crucial components of autonomous
driving systems. However, our experimental results indicate
that many end-to-end autonomous driving systems tend to over-
rely on local scene understanding while failing to utilize global
navigation information. These systems exhibit weak correlation
between their planning capabilities and navigation input, and
struggle to perform navigation-following in complex scenar-
ios. To overcome this limitation, we propose the Sequential
Navigation Guidance (SNG) framework, an efficient represen-
tation of global navigation information based on real-world
navigation patterns. The SNG encompasses both navigation
paths for constraining long-term trajectories and turn-by-turn
(TBT) information for real-time decision-making logic. We
constructed the SNG-QA dataset, a visual question answering
(VQA) dataset based on SNG that aligns global and local
planning. Additionally, we introduce an efficient model SNG-
VLA that fuses local planning with global planning. The SNG-
VLA achieves state-of-the-art performance through precise
navigation information modeling without requiring auxiliary
loss functions from perception tasks. Project page: SNG-VLA

I. INTRODUCTION

In recent years, end-to-end autonomous driving systems
have garnered significant attention from researchers [1],
[2]. The end-to-end paradigm simplifies traditional modular
systems, is better suited to data-driven training approaches,
and demonstrates enhanced generalization performance [3].

Global Navigation information plays a pivotal role in end-
to-end autonomous driving systems [4], providing essential
directional references for trajectory planning. Unlike pre-
diction [5], which generates multimodal trajectory forecasts,
planning requires explicit navigation inputs to produce deter-
ministic driving trajectories [6], [7]. Despite the critical role
of global navigation information in end-to-end autonomous
driving systems, we have made a surprising observation:
removing or corrupting navigation information in existing
end-to-end driving methods minimally affects planning per-
formance and, in some cases, even improves performance.
For instance, as illustrated in Fig. 1, our experiments with the
Transfuser [8] on the NAVSIM [9] benchmark demonstrate
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Fig. 1: We demonstrate the impact of introducing pertur-
bations to the driving command and the effectiveness of
the SNG. The command ablation experiments comprise five
distinct experimental settings, with Transfuser-command-
ablation representing the statistical results across all five
experiments. Detailed data are presented in Table IV. The
utilization of random or erroneous navigation information
demonstrates minimal impact on model performance. SNG
exhibits significant performance improvement over the base-
line approach.

that complete removal of navigation information paradoxi-
cally yields superior results. This phenomenon contradicts
basic driving logic, as one would anticipate a substantial
decline in planner performance when explicit navigation in-
formation is absent. This unexpected outcome raises a critical
question: Do current end-to-end autonomous driving systems
truly understand and utilize global navigation information?

Our answer is unequivocally negative. Current re-
search [10]-[12] predominantly employs driving commands
(such as “Turn Left”, “Go Forward”, “Turn Right”, “None”)
to represent global navigation information, utilizing one-hot
encoding to discretize driving behaviors into finite categories.
However, as shown in Fig. 2, this approach exhibits the
following limitations: (1) the annotation process relies on
a fixed temporal horizon or spatial intervals [6], [9], which
can lead to ambiguous interpretations in complex scenarios.
In the roundabout, the significant lateral displacement of
the vehicle going forward caused the driving command to
be incorrectly labeled as a “Turn Left”. (2) this representa-
tion suffers from oversimplification. In beyond visual range
(BVR) scenarios [13], a vehicle must change lanes in ad-
vance to execute a turn at a distant intersection. However, as
the global navigation command is labeled as “Go Forward”,
it creates causal confusion in the model when encountering
lane-changing behaviors present in expert trajectories. Con-
sequently, numerous end-to-end autonomous driving systems
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fail to effectively utilize navigation information, and their
performance likely stems from overfitting to specific input
channels [14], [15].

To address these limitations and enhance the naviga-
tion semantic comprehension capabilities of end-to-end au-
tonomous driving systems, we propose a novel paradigm
of Sequential Navigation Guidance (SNG), inspired by real-
world navigation patterns [16]. The SNG effectively repre-
sents navigation information by integrating static global path
planning with dynamic high-level guidance: (1) Navigation
Path: A predefined trajectory segment extracted from the
global path, serving as a reference line for planning; (2) Real-
time Turn-by-Turn (TBT) Information: A comprehensive
set of high-level guidance cues comprising current driving
actions with associated distance and time estimations, future
actions, and corresponding supplementary actions, which
collectively inform the planning process. Notably, both types
of information can be conveniently acquired through naviga-
tion APIs and are readily available off-the-shelf in practical
deployment.

To further align local planning with global planning, we
propose SNG-QA, which imposes additional constraints on
local planning within both the reasoning and action spaces.
The SNG-QA dataset comprises 100K QA pairs that decom-
pose the reasoning process into hierarchical planning compo-
nents. The local planning reasoning process integrates both
global planning outcomes and local scene understanding. We
utilize NAVSIM [9] and its annotations to construct the SNG-
QA pairs according to predefined task formats. We introduce
an efficient model SNG-VLA. The model employs multi-
modal fusion encoder and a unified transformer backbone,
which can efficiently handle the constraints between global
navigation information and local scene inputs. The model
autoregressively generates textual reasoning and planning
trajectories.

The proposed method demonstrates remarkable efficacy
in modeling global navigation information, offering a plug-
and-play solution that significantly enhances the planning
capabilities of end-to-end autonomous driving systems. Our
model also achieves state-of-the-art performance on both
the Bench2Drive [17] a closed-loop benchmark based on
Carla [18] and the NAVSIM [9] a real-world evaluation
benchmark. Our contributions can be summarized as follows:

1. To address the limitations of current global navigation
representation, we propose a novel Sequential Nav-
igation Guidance approach to structure global navi-
gation information, offering both long-term trajectory
constraints and real-time decision-making logic.

2. We propose the SNG-QA dataset, which partitions the
reasoning process into global and local planning com-
ponents to enhance local planning rationality and ensure
consistency between local and global planning.

3. We develop an effective model that, without incorporat-
ing auxiliary tasks and utilizing precise navigation infor-
mation, achieves state-of-the-art (SOTA) performance in
both Bench2Drive and NAVSIM benchmarks.

~e— human ~e— human

(b)

Command: Left turn

Command: Go forward

Fig. 2: We demonstrate erroneous examples in the annotation
process of driving commands. (a) Incorrect annotation occurs
in roundabouts due to longitudinal displacement. (b) The
annotation information fails to comprehend lane-changing
behavior, resulting in causal confusion.

II. RELATED WORK
A. End-to-end autonomous driving

Traditional autonomous driving systems are often com-
posed of multiple modular components [19], [20], whereas
end-to-end autonomous driving enables a direct mapping
from raw sensor data to planning trajectories [21], [22]. Most
methods [23], [24] and dataset [25] utilize driving commands
as global navigation information. UniAD [21] has signif-
icantly enhanced the performance of autonomous driving
systems by integrating multiple modules into an end-to-end
framework. VAD [6] employs a fully vectorized approach
to model driving scenarios, ensuring planning safety while
improving operational efficiency. BEVPlanner [15] trans-
forms sensor inputs into BEV (Bird’s Eye View) features,
serving as an intermediate representation within the end-to-
end architecture. GenAD [12] introduces a novel generative
framework that aids planning tasks by predicting the dynamic
interactions between the ego vehicle and the environment.
However, driving command constrains the practical perfor-
mance of these methods.

B. Multimodal large models for planning

Multimodal large models facilitate seamless interaction
and understanding across diverse data types, driving trans-
formative innovations in fields such as natural language pro-
cessing and beyond [26]. Given the necessity of processing
sensor data from multiple modalities and performing joint
planning in autonomous driving systems, multimodal large
models naturally serve as an effective backbone for such
systems. DriveGPT4 [27] leverages multimodal large models
to process multi-frame video and text inputs, simultaneously
outputting reasoning processes during planning, thereby sig-
nificantly enhancing the interpretability and interactivity of
autonomous driving systems. LMDrive [28] unifies mul-
timodal sensor data into a textual feature space, greatly
improving the interactivity of autonomous driving systems
and demonstrating exceptional performance in CARLA [18]
closed-loop evaluation. Therefore, we propose an efficient
pipeline based on a multimodal large model, capable of pro-
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Fig. 3: Overview of our pipeline. Sequential navigation guidance is consists of navigation path and TBT information. SNG-
QA comprises three subtasks: global planning, local planning, and trajectory planning. The architecture of our model is
divided into two parts: the multimodal feature fusion encoder and the unified transformer backbone.

cessing data from various sensor modalities and performing
end-to-end planning tasks.

C. Navigation information for planning

Navigation information plays a critical role in autonomous
driving planning. Current end-to-end benchmarks primarily
rely on driving commands as navigation inputs. In real-
world datasets [25], [29], [30], driving commands (e.g.,
“Turn Left”) are implicitly inferred from expert trajectories
to model navigation information. Although simulators [17],
[18] provide waypoints between the current position and the
target location, they still use discrete driving commands as
the primary input. Several methods, such as UniAD [21]
and BEVPlanner [15], embed navigation commands into
latent spaces as additional model inputs. ST-P3 [7] samples
multiple trajectories and filters them based on geometric
features aligned with driving commands, while VAD [6]
generates results for all command categories and selects
the corresponding trajectory as the final output. TCP [23]
and TransFuser [8], [9] concatenate driving commands with
ego states as conditional inputs. However, relying solely on
driving commands to model navigation information leads to
intent ambiguity and deviations from real-world scenarios.
To address these limitations, we propose integrating TBT
(Turn-by-Turn) instructions and navigation paths to model
more accurate navigation information, thereby improving
planning rationality, safety, and human-like interaction.

III. METHODS

The pipeline of our method is shown in Fig. 3. Specif-
ically, we first introduce the modeling approaches for se-

quential navigation guidance in Section III-A. Subsequently,
we present the construction methodology of SNG-QA in
Section III-B. In Section III-C, we detail our model architec-
ture, which comprises a multimodal feature fusion encoder
described in Section III-C.1 and a transformer-based decoder
outlined in Section III-C.2.

A. Modeling Global Navigation Information

In real-world driving scenarios, most driving behaviors
are guided by specific navigation information, often fa-
cilitated by tools such as Google Maps [16]. Navigation
information typically comprises two key components: a pre-
planned global route R, generated using A*, and real-
time turn-by-turn (TBT) information I. The global route,
when transformed from the world coordinate system to the
vehicle coordinate system, serves as a reference line for the
vehicle’s direction of driving. Simultaneously, TBT infor-
mation, which includes high-level textual prompts, provides
immediate guidance for local maneuvers.

We construct SNG by integrating the navigation path
and turn-by-turn (TBT) information, as illustrated in
Fig. 3. Specifically, we select road centerlines within
a 40m range ahead of each vehicle as references
and sampled them to generate navigation path P =
{(@1,91), (22,92), ..., (&n,,9nN,) }, Np represents the num-
ber of navigation points. To simulate real-world localization
errors and mitigate the influence of privileged information
in navigation paths on model performance, we introduced
substantial noise to the sampled navigation paths.

The TBT information includes current driving actions
with associated distance and time estimations, future actions,
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and future supplementary action. Drawing from real-world
navigation systems, we categorize driving actions into eight
distinct types: turn left, turn right, execute U-turn, proceed
straight, keep left, keep right, enter roundabout, and none. We
employ the vehicle’s route and camera data feed as inputs to
VLM for predicting both current and future driving actions.
The duration of each current action is calculated based on the
future trajectory and instantaneous vehicle speed. We define
nine categories of supplementary actions—including entering
highways, tunnels, right-turn lanes, left-turn lanes, etc.—to
provide contextual information for future action prediction.
When the VLM identifies ambiguity in a future action
description, it incorporates an appropriate supplementary
action for disambiguation. The entire annotation framework
is implemented using Qwen2.5 VL 72B [31].

B. SNG-QA dataset

High-quality question-answering (QA) datasets are crucial
for enhancing Vision-Language-Action (VLA) models’ scene
understanding and reasoning capabilities [11], [32]. Driving
behavior reasoning represents a key task in visual question
answering for autonomous driving, playing a vital role in
ensuring that models correctly interpret scenes and formu-
late reasonable planning strategies. However, existing VQA
datasets [11], [33] typically rely on local perception and
expert trajectories for annotating driving behavior inferences,
thereby neglecting the role of global navigation information
in the annotation process. For instance, in scenarios such
as beyond visual range (BVR) lane changes or roundabout
exit selections, models struggle to accurately interpret expert
trajectory intentions when relying solely on local perception.

To address this limitation, we developed an automated
annotation workflow based on Qwen 2.5 VL 72B [31]
that divides driving behavior reasoning into three stages:
global navigation information summarization, local planning,
and trajectory point generation. The model first generates
corresponding summaries based on the input SNG. To ensure
that local planning fully comprehends both global navigation
information and local scene understanding, we employ global
navigation information and object detection labels as prompts
to guide the model in generating causal explanations for
local planning decisions. To guarantee the quality of the
generated textual explanations, we implemented a three-
stage validation process encompassing accuracy verification,
consistency validation, and language refinement. Based on
NAVSIM [9], we constructed an inference annotation dataset
comprising approximately 100,000 samples.

C. SNG-VLA

We employ LLaVA [39] as the backbone, integrating a
large language model, Qwen2.5 [31], and a vision encoder,
SigLIP [40]. Following the method [41], we incorporate
additional encoders specifically designed for the navigation
path and ego state, thereby augmenting the model’s capacity
to process multimodal inputs. Besides, our model achieves
adequate real-time performance.

1) Scene representation: For a driving scenario, the in-
put is represented as TBT information I, navigation path

P = {(#1,91), (%2,792),-- -, (TNp,Yn,)}, front view im-
ages V = (M*', M?,..MN) and the vehicle’s ego state
Sy = (vy,v},a,,ay). The TBT information I is encoded

into a Fr € RY7*H through LLM tokenizer, where N7
denotes the number of text tokens and H corresponds to
the feature dimension of the LLM’s transformer backbone.
Similarly, P is encoded into Fp € RV?>*# through multi-
layer perception (MLP) layers. We use a pre-trained SigLIP
vision encoder [40] to extract features F);, from multi-view
images, which are then projected into Fy; € RY *H via
a linear transformation. To mitigate overfitting on ego state
inputs [14], [15], we adopt an attention-based state dropout
encoder (SDE) inspired by [42], which applies dropout to
each state channel and processes ego state to Fp € R4 H,

2) Transformer Decoder: After obtaining the driving sce-
nario representations, all features are concatenated with the
waypoint query Qw into F and fed as input to the trans-
former backbone. Following the Simlingo [33], the model
first auto-regressively generates language predictions that
represent the response to the task prompt. Subsequently, in an
additional forward pass, it generates waypoint hidden states.

F = Concat(Fr, Fp, Fyr, Fe, Qw) (1

The hidden states output by the transformer backbone
interact with the navigation query through a cross-attention
module, followed by MLP layers to predict the trajectory.
The loss function consists of the L1 loss between the
predicted and the ground truth trajectory.

L= -] 2)

where the 7 denotes the predicted trajectory and 7 denotes
the future ground truth trajectory.

IV. EXPERIMENTS

We evaluate our method in Bench2Drive [17], a closed-
loop evaluation benchmark under CARLA Leaderboard
2.0 [18] for end-to-end autonomous driving. The base set,
consisting of 1,000 clips, is used for training, while the model
is evaluated on 220 official routes. Additionally, we conduct
closed-loop experiments in the NAVSIM benchmark [9] to
evaluate its performance in real-world scenarios.

A. Implementation Details

We employ pre-trained Qwen2.5-0.5B as the transformer
backbone and pre-trained SigLIP-S0o400M as the vision
encoder, with a patch size of 14 and an image size of 384. In
the state dropout encoder (SDE), we apply a dropout rate of
0.5 to the four ego state channels. The visual inputs consist
of front and rear camera images, which undergo additional
downsampling after passing through the vision encoder. The
SNG-QA task is employed exclusively in the NAVSIM
experiment. Due to real-time constraints in CARLA and the
availability of detailed scenario labels, we generate SNGs
through rule-based methods in our Bench2Drive experiments
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Method | Input | Navigation | NCt DACt | TTCt Comf.t EP{ | PDMSt
UniAD [21] C&L CM 97.8 919 | 929 100 788 | 834
PARA-Drive [10] C&L CM 979 924 | 930 998 793 | 84.0
LTF [8] C&L CM 974 928 | 924 100 790 | 838
Transfuser [8] C&L CM 977 928 | 928 100 792 | 84.0
Transfuser’ C&L SNG 97.8 945 | 935 100 800 | 855
DRAMA [34] C&L CM 98.0 93.1 | 94.8 100  80.1 | 85.5
Hydra-MDP [35] C&L CM 983 960 | 94.6 100 787 | 865
DiffusionDrive [36] | C & L CM 982 962 | 94.7 100 822 | 88.1
SNG-VLA C-single SNG 98.9 965 | 929 100 83.8 | 88.24
SNG-VLA-QA C-single SNG 984 967 | 93.1 100 834 | 8821

TABLE I: Comparison on NAVSIM navtest split with closed-loop metrics. { represents the results with SNG input. CM
represents Driving Command. C-single represents front view image. PDM score (PDMS) [9] is weighted aggregation of
several sub-scores: no at-fault collisions (NC), drivable area compliance (DAC), time-to-collision (TTC), comfort (Comf.),

and ego progress (EP).

| Open-loop Metric |

Closed-loop Metric

Method Latency
‘ Avg. L2 | ‘ Driving Score T  Success Rate (%) 1  Efficiency T Comfortness 1 ‘
AD-MLP [14] 3.64 18.05 0.00 48.45 22.63 3ms
UniAD-Tiny [21] 0.80 40.73 13.18 123.92 47.04 420.4ms
UniAD-Base [21] 0.73 45.81 16.36 129.21 43.58 663.4ms
VAD [6] 0.91 42.35 15.00 157.94 46.01 278.3ms
DriveTransformer-Large [37] 0.62 63.46 35.01 100.64 20.78 211.7ms
SNG-VLA 0.82 67.17 35.90 158.58 22.30 159.6ms
TCP* [23] 1.70 40.70 15.00 54.26 47.80 83ms
TCP-ctrl* [23] - 30.47 7.27 55.97 51.51 83ms
TCP-traj* [23] 1.70 59.90 30.00 76.54 18.08 83ms
TCP-traj w/o distillation [23] 1.96 49.30 20.45 78.78 22.96 83ms
ThinkTwice* [38] 0.95 62.44 31.23 69.33 16.22 762ms
DriveAdapter* [24] 1.01 64.22 33.08 70.22 16.01 931ms

TABLE II: Open-loop and Closed-loop Results in Bench2Drive. All results are trained on the base training set. Avg. L2
is averaged over the predictions in 2 seconds under 2Hz. * denotes expert feature distillation. Latency is measured on the

A6000.
Method \ Ability 1
| M O EB GW TS Mean

AD-MLP [14] 00 00 00 00 44 09
UniAD-Tiny [21] 89 93 200 200 154 147
UniAD-Base [21] 14.1 17.8 21.7 10.0 142 15.6
VAD [6] 81 244 186 200 192 18.1
DriveTransformer [37] | 17.6 35.0 484 40.0 52.1 38.6
SNG-VLA 338 11.1 46.6 50.0 500 38.1
TCP* [23] 16.12 200 20.0 10.0 7.0 14.6
TCP-ctrl* [23] 103 44 100 100 6.5 8.2
TCP-traj* [23] 89 243 517 400 463 342
ThinkTwice* [38] 274 184 358 500 542 372
DriveAdapter* [24] 28.8 264 48.8 50.0 564 42.1

TABLE III: Multi-Ability Results in Bench2Drive. All

results are trained on the base training set. * denotes expert
feature distillation.M: Merging, O: Overtaking, EB: Emer-
gency Brake, GW: Give Way, TS: Traffic Sign, M: Mean.

without employing SNG-QA. We use a learning rate of le-
6 with a cosine annealing schedule and a warmup ratio of

0.03. The model is trained on 8§ x NVIDIA A100 GPU 80G
with a per-GPU batch size of 8 for 10 epochs.

B. Main results

We compare our method with other E2E-AD methods
in both Bench2Drive and NAVSIM. Table I presents the
results on NAVSIM [9]. After adding SNG, Transfuser’s
performance has been significantly enhanced, with improve-
ments observed in both DAC and TTC. The performance of
Hydra-MDP [35] is enhanced through additional training to
optimize for the EP evaluation metric, utilizing supplemen-
tary supervision and weighted confidence post-processing.
Despite this, our model achieves SOTA performance without
relying on any supervision from perception tasks. Our model
exhibits improvement on the DAC (drivable area compli-
ance) metric, which underscores the enhanced efficacy of
the proposed SNG. The SNG-VLA-QA model can perform
reasoning tasks while maintaining planning performance.

Table II and Table III present the results in Bench2Drive.
Models based on driving commands exhibit insufficient mod-
eling of navigation information, leading to target loss during
trajectory planning. Consequently, these models generate
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Transfuser
Transfuser-SNG
—e— SNGVLA

£ TBT: Go forward, drive around the roundabout and take the exit
straight ahead

Transfuser
Transfuser-SNG
—e— SNGVLA

£} TBT: Turn right, then go straight

Fig. 4: Qualitative analysis of real-world scenarios. Navigation paths are augmented with substantial noise before being fed
into the model to mitigate the influence of privileged information.

—— left b —— left
—— forward — forward
—— right

—— unknow

—— right
—— unknow

Fig. 5: We demonstrate the impact of introducing noise to
the driving command on the predicted trajectory during the
inference process of the Transfuser [8]. The experimental
results are based on the official checkpoint [9].

trajectories that deviate randomly from the intended path.
Furthermore, cumulative errors in closed-loop experiments
further degrade the performance of driving command-based
methods, leading to poor performance in key metrics such
as task completion rate and driving score. In contrast, our
SNG-based model has significantly outperformed existing
methods. Compared to UniAD-Base [21], our method sur-
passes it by 46.6% and 119.4% in terms of Driving Score
and Success Rate, respectively. In the mean Multi-Ability
score, our method outperforms VAD [6] by 110.7%. We
employed a smaller backbone with a single vision encoder
that processes only the front view image, achieving favorable
latency performance without text generation tasks.

C. Qualitative Results

Fig. 4 presents the qualitative experimental results of our
model. In both scenarios, transfuser-sng demonstrates supe-
rior performance compared to transfuser. The incorporation
of SNG enables the model to more effectively comprehend
global navigation information and subsequently predict the
planning trajectory in accordance with the navigation guid-
ance. Similarly, SNG-VLA exhibits remarkable capabilities
in complex scene understanding and navigation following.

D. Ablation study

1) Driving command fails to model navigation informa-
tion: Undoubtedly, clear navigation information plays an

important role in autonomous driving systems, providing
essential guidance for determining the vehicle’s direction of
driving. However, as shown in Table IV, after introducing
varying levels of noise into the driving command, the model
can yield results that are comparable to, or surpass the official
results on metrics on PDM score and others. The use of
random or fixed driving commands has minimal impact on
model performance. We present qualitative results in Fig. 5.
In an open intersection scenario where the expert trajectory
demonstrates a right turn, the model fails to execute “Go
Forward” and “Turn Left” commands. In the roundabout
scenario where the expert trajectory performs a left turn,
when given a “Turn Right” command, the model generates
a counter-flow right turn trajectory that could cause severe
accidents. Notably, in both scenarios, when the driving com-
mand is set to “Unknown” the model’s output performance
is comparable to that achieved with the correct driving
commands.

2) Driving command vs. Sequential navigation guidance:
As illustrated in Table V (ID 0-4), the results obtained
without any navigation information (ID 0) and with driving
commands (ID 1) exhibit no significant difference. The
performance achieved by solely utilizing TBT information
(ID 2) surpasses that of both (ID 0) and (ID 1). Notably,
when employing only two points spaced 20 meters apart as
the navigation path (ID 3), the model’s performance is com-
parable to that of (ID 2), indicating that the navigation path
can provide the model with effective spatial reference under
sparse sampling. The model achieves its optimal performance
when both the navigation path and TBT information are
used as sequential navigation guidance (ID 4). These results
demonstrate that sequential navigation guidance models nav-
igation information more effectively than driving commands
alone. Specifically, the navigation path provides long-term
trajectory constraints, while TBT information offers real-time
decision-making logic, such as road traffic conditions. The
synergy between these two elements mitigates the limitations
associated with relying on a single modality.

3) Optimal combination of navigation path & TBT in-
formation: We further investigated the optimal combina-
tion of navigation paths and TBT information, as practical
operations often face challenges in consistently obtaining
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Command | NCt DACt | TICt Comft EPt | PDMSt
Original 97.7 928 2.8 100 79.2 84.0
None 97.7 935 92.9 100 78.7 84.4
Random 97.8 93.4 93.3 100 79.2 84.7
Left 974 934 925 100 79.2 84.3
Right 97.7 935 93.2 100 78.9 84.4
Forward 97.7 932 93.1 100 78.9 84.2

TABLE 1V: Command ablation results in NAVSIM. We
conducted experiments on NAVSIM [9] using Transfuser [8]
by modifying the input driving commands. Original: ground
truth driving command; None: no driving command added;
Random: random driving command; Left, Right, Forward:
fixed driving commands. All results are obtained under iden-
tical training parameters. The introduction of noise into the
driving command has minimal impact on the final planning
performance.

Navigation TBT Drivin,
D P;gth Information Commaﬁd NCt  DACT | PDMS?T
0 - - - 972  95.1 85.9
1 - - v 97.5 95.3 86.1
2 - v - 97.6 952 86.4
3 2 x 20 - - 97.8 95.1 86.4
4 2 x 20 v - 97.5 96.1 87.6
5 4 x 10 - - 97.5 96.6 87.7
6 4 x 10 v - 989 96.5 88.2
7 8 x5 - - 97.5 96.2 87.2
8 8 x5 v - 97.5 96.6 87.6

TABLE V: Ablation of navigation information representa-
tion. We conduct ablation studies on the sampling interval of
the navigation path, TBT information and driving commands.

sufficiently dense navigation paths or accurate TBT infor-
mation. As shown in Table V (ID 3-8), we systematically
evaluated the impact of varying densities of navigation path
points and the inclusion of TBT information on the results.
Comparing (ID 3, 5, 7), it’s shown that 4 navigation points
spaced 10 meters apart yielded the best performance. Both
excessively sparse and overly dense configurations led to
diminished performance. Sparse navigation points fail to
accurately model the reference path, while overly dense
points impose excessive constraints on the model, resulting
in poor performance in scenarios such as obstacle avoid-
ance. Across (ID 3-8), the inclusion of TBT information
consistently improved performance under varying navigation
point densities. In conclusion, a moderate-density navigation
path combined with TBT information serves as an effective
SNG setting, optimally modeling navigation information and
maximizing the model’s planning performance.

E. Real world experiments

To further evaluate our proposed SNG and SNG-VLA in
real-world scenarios, we established a validation platform.
The platform is equipped with a LiDAR, the Innovusion
Falcon 300, and a surround-view camera system comprising
five AR0820 cameras with a 120-degree horizontal field of
view (HFOV) and two ARO0820 cameras with a 70-degree
HFOV. The onboard computing unit consists of dual Orin

()

Global planning: Go straight and turn left at the next intersection, keep to the
left lane.

Local planning: The road ... Global navigation directs ... You should maintain
moderate speed, follow the left-turn lane markings, and keep to the left
lane after turning while watching for any pedestrians near the roadside.

i
i

(b)

Global planning: Turn left, then go straight.

Local planning: The road ... Global navigation directs you to turn left.
Maintain moderate speed, follow left-turn lane markings, and keep left after
turning. Watch for electric bikes and the construction area on the right.
Stay alert for pedestrians near the roadside.

Fig. 6: Qualitative analysis of real-world scenarios.

modules. We collect an in-house dataset and conduct experi-
ments. We present the model’s reasoning process and planned
trajectories in Fig. 6. Our method performs excellently in
selecting turning lanes and providing warnings for special
scenarios, pedestrians, and electric vehicles.

V. CONCLUSIONS

In this study, we investigate the limitations of end-to-end
autonomous driving systems in utilizing navigation informa-
tion and introduce a novel representation, termed Sequential
Navigation Guidance, which integrates long-term trajectory
constraints and real-time decision logic. Our model SNG-
VLA, achieves superior performance in closed-loop evalua-
tions without the supervision from perception tasks. Experi-
ments conducted in real-world scenarios further confirm the
robustness and practical applicability of our approach.
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