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7. Discussion

D1. Research Motivation.

Existing VLM-based autonomous driving methods rely
on the model’s general reasoning capabilities to interpret the
entire scene. However, as language-oriented models, VLMs
lack inherent spatial perception and deep understanding of
the driving environment. Consequently, while they can de-
scribe driving behaviors well, their planning performance
often lags behind traditional end-to-end models. Inspired by
human driving behavior, we observe that drivers naturally
filter out background information irrelevant to the current
driving task. Their attention focuses not on static entities
or exhaustive scene details, but on dynamic and functional
information that directly influences their actions. Impor-
tantly, human attention is anticipatory: cognitive resources
are concentrated on upcoming regions to assess potential
state distributions and feasible actions, guiding subsequent
decisions and short-term goals. Motivated by this, we pro-
pose a scene-agent-goal framework SGDrive that enables
the VLM to focus on driving-relevant driving knowledge
and predict its future evolution, enabling safer and more ef-
ficient driving.

D2. Key contributions of our SGDrive.

SGDrive introduces several novel mechanisms to en-
hance trajectory planning via hierarchical driving-world
knowledge: (i) specialized (world) query tokens that rep-
resent distinct levels of driving knowledge, including scene
geometry, safety-critical agents, and future goal points.
These hierarchical supervisory objectives that activate the
model’s ability to predict both current and future world

states; (iii) a structured attention mask that disentangles in-
teractions between different knowledge levels, preventing
information leakage and cross-level interference; and (iv) a
diffusion transformer whose trajectory generation is mod-
ulated by these hierarchical representations. Collectively,
these contributions enable the model to leverage rich, pre-
dictive driving-world knowledge for safer and more effec-
tive planning.

D3. Limitations and future work.

Our work primarily focuses on leveraging hierarchical
driving knowledge to activate a VLM’s capability for world
knowledge prediction, thereby enhancing driving safety.
However, as shown in the Table 1, our framework is cur-
rently limited to supervised fine-tuning (SFT), with limited
exploration of reinforcement learning fine-tuning (RFT).
Although our method can be seamlessly integrated with ex-
isting reinforcement learning (RL) strategies and achieve
impressive performance, the absence of an RL scheme tai-
lored to our hierarchical design still constrains driving effi-
ciency. We plan to explore integrating reinforcement learn-
ing with our SGDrive framework in future work to further
enhance driving performance. In addition, due to token bud-
get constraints, our current system operates on front-view
inputs only. Future work will extend our hierarchical world
knowledge to multi-view settings to further improve robust-
ness and driving safety.

D4. Why does applying the formula in Eq. 8 to the aver-
aged sub-metrics in Table 1 not reproduce the reported
PDMS value?

This discrepancy arises from the official NAVSIM evalu-
ation protocol. As clarified in the NAVSIM [9] and ReCog-
Drive [30] documentation, the PDMS score is computed at
the scene level: for each scene, all sub-metrics are first com-
bined using Eq. 8, and the resulting PDMS values are then
averaged across all scenes. In contrast, applying Eq. 8 to the
globally averaged submetrics in Table | corresponds to a
different computation combining metrics after averaging so
the resulting value does not match the official PDMS score.
Note that the same reasoning also applies to Eq. 9 and Ta-
ble 5.

8. More experiments

8.1. Results with reinforce learning on NVASIM
benchmark

Although the core objective of our method is to learn and
forecast hierarchical driving-world knowledge to enhance



Table 5. Performance comparison on Navtest Benchmark with extended metrics.

Method | NCt DACt EPt TTCt Ct TLt DDCt LKt ECT | EPDMSt
Transfuser [43] 977 928 792 928 100 999 983  67.6 953 77.8
VADV2 [6] 973 917 776 927 100 999 982 660 97.4 76.6
Hydra-MDP [32] 975 963 80.1 930 100 999 983 655 974 79.8
Hydra-MDP++ [32] | 97.9 965 792 934 100 1000 989 672 977 80.6
ARTEMIS [11] 983 951 815 974 100 998 986 965 983 83.1
ReCogDrive-8B[30] | 983 952 871 975 983 998 995 96.6 86.5 83.6
SGDrive-2B (ours) | 98.6 943 860 979 983 999 995 961 859 | 862

driving safety, it can also be seamlessly integrated with ex-
isting RL frameworks. Under the same RL training config-
uration as RecogDrive [30], our approach achieves substan-
tially better results, as shown in Table 1. Simply incorpo-
rating our structured world knowledge features into the RL
pipeline yields a PDMS of 91.1, outperforming all existing
methods, including those using Lidar-signal inputs.
Compared with other RL-based approaches, our model
achieves best performance on NC and DAC, demonstrat-
ing that the learned driving-world knowledge effectively re-
duces collision risk and ensures compliance with drivable
regions—both essential for safe autonomous driving. In fu-
ture work, we plan to explore RL algorithms specifically tai-
lored to our hierarchical world knowledge forecast frame-
work to further improve driving efficiency and smoothness.

8.2. Results on the NAVSIM benchmark with ex-
tended metrics

To comprehensively evaluate our approach, we follow
prior work [32] and adopt the Extended PDMS metric
on the NAVSIM [9] benchmark. As shown in Table 5,
SGDrive achieves the best overall performance with an
EPDMS of 86.2, outperforming the previous state-of-the-
art ReCogDrive-8B by 2.6 points. Our method also deliv-
ers the strongest results on the safety-critical NC and TTC
metrics, while maintaining competitive performance on the
newly introduced TL, LK, and EC metrics. These results
collectively demonstrate the effectiveness and robustness of
SGDrive in modeling driving-relevant world knowledge un-
der the extended evaluation protocol.

8.3. Results on the Bench2Drive benchmark

As shown in Table 6, our SGDrive achieves the best
performance on both Driving Score (75.47) and Suc-
cess Rate (51.36) among all compared approaches in the
CARLA Bench2Drive closed-loop benchmark. It outper-
forms the second-best method ReCogDrive by 4.11 points
in Driving Score and 5.91 percentage points in Success
Rate, demonstrating superior driving reliability and task
completion capability. Compared with earlier methods such
as TCP and VAD, SGDrive exhibits substantial improve-

Table 6. Close-loop results in CARLA Bench2Drive Leaderboard.

| Closed-loop

Method
| Driving Score 7 Success Rate (%) 1

TCP [60] 40.70 15.00
TCP-ctrl [60] 30.47 7.27
TCP-traj [60] 59.90 30.00
ThinkTwice [19] 62.44 31.23
DriveAdapter [18] 64.12 33.08
VAD [21] 42.35 15.00
UniAD-Tiny [14] 40.73 13.18
UniAD-Base [14] 45.81 16.36
ReCogDrive [30] 71.36 45.45
SGDrive (Ours) 75.47 51.36

Table 7. Comparison of hidden state fusion methods in diffusion
planner.

Exp. NCt TTCt EP? PDMS?t
(@ 982 950 80.6  87.1
() 981 951 797 869
(c) 986 954 812 874

ments in both core metrics, further validating its effective-
ness in complex autonomous driving scenarios.

8.4. Comparison of hidden state fusion methods in
diffusion planner

As shown in Table 7, we compare several strategies for fus-
ing hidden states within the diffusion planner. Exp. (a) in-
crementally injects the hidden states of different subqueries
across successive cross-attention layers. Exp. (b) as-
signs distinct cross-attention layers to different subqueries.
Exp. (c), which corresponds to our proposed design, con-
catenates all subquery hidden states and enables interaction
at every cross-attention layer. All fusion strategies achieve
strong performance, confirming that our subqueries encode
rich driving-world knowledge and can effectively guide the
trajectory generation process.



8.5. Implementation and metric details

Implementation. In the first stage, we fine-tune the VLM
on the aggregated driving QA dataset for three epochs us-
ing a batch size of 1024. During this stage, we keep the vi-
sion encoder frozen and update only the language and cross-
modal fusion modules. We use the AdamW optimizer with
a base learning rate of 4 x 107°, a weight decay of 0.05,
and a cosine learning rate schedule preceded by a 10% lin-
ear warmup.

In the second stage, we train the diffusion-based planner
using behavior cloning for 220 epochs with a batch size of
512. We again use AdamW, warming the learning rate up to
1 x 10~* during the first 1.5% of training steps and then de-
caying it to 1 x 10~ following a cosine schedule. Through-
out this stage, we apply a weight decay of 1 x 10~*. We de-
termine the number of subqueries based on the perceptual
field and the minimum capacity required for reliable rea-
soning. Accordingly, we allocate 625 queries for geometric
scene layout, 50 queries for safety-critical agent detection,
and 1 query for driving-goal forecasting.

Our diffusion planner adopts a DiT-style architecture that

follows the design used in ReCogDrive [30]. The model
alternates between self-attention, which captures pairwise
waypoint relations, and cross-attention, which injects our
subqueries’ priors into the trajectory space, enabling an ef-
fective fusion of scene understanding and trajectory opti-
mization.
NAVSIM metric. NAVSIM [9] scores driving agents in two
steps. First, subscores in range [0, 1] are computed after
simulation. Second, these subscores are aggregated into the
PDM Score (PDMS) € [0, 1]. We use the following aggre-
gation of subscores based on the official definition:

PDMS = < H scorem> X
m&{NC,DAC}

penalties
(®)

ZwE{EP,TTC,C} weight,, X scorey
ZwG{EP,TTC,C} weight,,

weighted average

Subscores are categorized by their importance as penal-
ties or terms in a weighted average. A penalty punishes
inadmissible behavior such as collisions with a factor < 1.
The weighted average aggregates subscores for other objec-
tives such as progress and comfort.

NAVSIM metric with extended PDMS. Hydra-
MDP++ [32] extends the original PDMS metric by
incorporating additional aspects of driving performance,
including Traffic Lights Compliance (TL), Lane Keeping
Ability (LK), and Extended Comfort (EC), providing a

more comprehensive evaluation of a method’s effective-
ness. Formally, the Extended PDM Score (EPDMS) is
computed as:

EPDMS = H s
me{NC,DAC,DDC,TL}

penalty terms

> we{EP,TTC,C LK, EC) Weight,, - 5%

Zwe{EP,TTc,C,LK,EC} weight,,

weighted average of positive indicators
©)
Here, the first term accumulates multiplicative penalties
for safety-critical violations, while the second term com-
putes a weighted average over positive performance indica-
tors, providing a balanced assessment of driving quality and
comfort.

9. Additional visualizations

9.1. Qualitative results

We provide additional qualitative results in Figure 7 and
Figure 8. For both straight-driving and turning scenarios,
our predicted trajectories closely follow the ground truth.
We also include several failure cases.

9.2. Failure cases

As illustrated in Figure 9, when relying solely on a sin-
gle front-view image, the model may exhibit slight devi-
ations under extreme turning conditions. In such scenar-
ios, due to the absence of corresponding viewpoints, ac-
curately predicting long-horizon trajectories becomes chal-
lenging, sometimes leading to lane-change errors. Incorpo-
rating multi-view inputs is a promising direction to mitigate
these limitations in future work.
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Go straight

Figure 7. Qualitative results on the Navtest benchmark.



Turn right

Figure 8. Qualitative results on the Navtest benchmark.



Failure cases

Figure 9. Qualitative analysis of representative failure cases on the Navtest benchmark.
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