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Abstract

In this supplementary material, we first review related work
on using LLMs/VLMs in driving (Section 1). Next, we pro-
vide experimental details to ensure reproducibility (Sec-
tion 2). Finally, we present additional quantitative and
qualitative results in Section 3, including the comparison
of models according to abilities and an exploration of al-
ternative models by varying the large encoder in the base
model.

1. Additional Related Work

LLMs/VLMs for Driving:  There is a large increase
in the use of LLMs/VLMs for driving. A line of
work, represented by approaches like DriveMLM [12],
LLM4AD/CarLLaVA [8], and FeD [16], uses LLMs for
initialization to benefit from their pre-training on large
datasets. A typical approach is to encode the scene using
smaller models and feed the encoded visual features into
the LLM to predict action. For fast inference, especially in
closed-loop evaluation, these approaches prefer small lan-
guage models, e.g., as small as 50M in [8]. In this line of
work, LLMs are not fully utilized, i.e., for their reasoning
capabilities. As reported in [8], the improvement mostly
comes from the large-scale pre-training of the vision en-
coder rather than the LLM on top.

Another line of work, including approaches like
DriveVLM [11] and DriveLLM [9], aims to benefit from the
reasoning capabilities of LLMs, e.g. with Chain-of-thought
(CoT) reasoning. This kind of approach has the potential to
fully utilize the power of LLMs for driving, e.g. by improv-
ing out-of-distribution cases with their pre-trained knowl-
edge. However, multi-step reasoning causes high latency,
restricting these models to open-loop evaluation. Similarly,
our goal is to benefit from the pre-training knowledge of
LLMs as much as possible, but differently, without sacrific-

ing real-time performance in closed-loop evaluation.

Other Uses of LLMs for Driving: Besides action, previ-
ous work also uses an LLM to detect hard cases in motion
prediction [14] or to align features of a driving model with
the features of an LLM [7]. Another work analyzes the ca-
pabilities of LLMs in terms of future prediction [10].

2. Experimental Details

Base Large Model: For the Large Model, we use the
CLIP-ViT-L-336px encoder from the checkpoint of LLaVA
1.6 [6] 7B Vicuna, which has 24 layers with a hidden di-
mension size of 1024 and an input patch size of 14.

Small Model: For the Small Model, we use the first 8
layers of the same CLIP-ViT-L-336px encoder as the Base
Large Model.

Action Prediction Model:  For the Action Prediction
Model, we use the autoregressive Llama architecture ini-
tialized from scratch, with 12 hidden layers and a hidden
size of 768.

Forecasting Model: For the Forecasting Model, we use a
lightweight transformer encoder with 2 layers. We concate-
nate the input features with the conditioning along the fea-
ture dimension, project first to the feature dimension size,
then pass to the transformer encoder.

Training Setting: We use the Deepspeed zero2 setting
during training for memory optimization. We use bfloat16
during training, and do not use any weight decay.

Data Bucketing: To increase the frequency of interesting
data samples, we divide samples to buckets as in [8]. Addi-
tionally, we weight the buckets to oversample some buckets.
The buckets we design are:

* Acceleration from scratch: The agent is currently station-
ary (speed < 0.05) and and starting to accelerate.

* Light acceleration: The agent is slightly accelerating
(0.2 < throttle < 0.5). We weight this bucket with a
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Table 1. Comparison to SOTA according to Distinct Abilities. We compare our async model to state-of-the-art methods across distinct
abilities, highlighting significant improvements in all challenging scenarios except traffic sign (T. Sign) over previous best results.

Method Merging? Overtaking? E.Brake! Give Way? T.SigntT MeantT Latency]
AD-MLP [15] 0.00 0.00 0.00 0.00 0.00 0.00 3
UniAD-Base [1] 12.16 20.00 23.64 10.00 13.89 15.94 663.4
VAD [5] 7.14 20.00 16.36 20.00 20.22 16.75 278.3
TCP-traj [13] 12.50 22.73 52.72 40.00 46.63 34.92 83
ThinkTwice [3] 13.72 22.93 52.99 50.00 47.78 37.48 762
DriveTransformer-Large [4] 17.57 35.00 48.36 40.00 52.10 38.60 211.7
DriveAdapter [2] 14.55 22.61 54.04 50.00 50.45 38.33 931
Base Model (Ours) 35.24 54.70 66.67 80.00 59.43 59.21 120
Async Model (Ours) 26.66 50.42 60.13 80.00 43.64 52.17 50

weight of 2.

* Medium acceleration: The agent is slightly accelerating
(0.5 < throttle < 0.9). We weight this bucket with a
weight of 2.

» Strong acceleration: The agent is slightly accelerating
(throttle > 0.9).

» Braking: The agent is braking.

» Coasting: The agent is at a non-zero speed, is not braking,
and is not accelerating strongly (throttle < 0.2).

» Steering Left: The agent steering to the left. We weight
this bucket with a weight of 3.

 Steering Right: The agent steering to the right. We weight
this bucket with a weight of 3.

* Rear Vehicle Hazard: Assuming all agents maintain speed
and heading, there is at least one other vehicle that will hit
the ego vehicle from behind (rear 60 degrees).

e Front Vehicle Hazard: Assuming all agents maintain
speed and heading, there is at least one other vehicle that
will collide with the ego vehicle from the front (front 60
degrees).

* Side Vehicle Hazard: Assuming all agents maintain speed
and heading, there is at least one other vehicle that will
collide with the ego vehicle from either side (left and
right, 120 degrees each).

» Stop Sign: The ego vehicle is currently within the range
of a stop sign.

* Red Light: The ego vehicle is currently within the range
of a red traffic light.

e Swerving Bucket: The current route contains a scenario
which is is one of:

Accident

BlockedIntersection

ConstructionObstacle

HazardAtSideLane

ParkedObstacle

VehicleOpensDoorTwoWays

¢ Pedestrian: Assuming all pedestrians maintain speed and
heading, there is at least one pedestrian that will be hit by

the ego vehicle.

3. Additional Experiments
3.1. Ability Scores

We include the per-ability scores for all models in Table 1.

3.2. Additional Ablations

We include two additional ablations in Table 3 in addition
to the ablations inincluded in the main paper.

Action Mask Loss: We ablate the inclusion of the action
mask loss E for the Base Model. Compared to the Async
Model setting C in the main paper (Table 2), the decrease
in the Driving Score is relatively lower.

Different Small Model: We experiment with using ViT-
Base as the small model (E), despite it not being fast enough
to meet real-time constraints. We find it less suitable as the
small model, with Driving Score decreasing significantly
(57.07 vs. 69.53).

Table 2. Varying the Large Encoder in the Base Model. We ex-
periment with various sizes of large encoders in the base model to
observe the differences when changing our default large encoder
in A to smaller encoders (B-E) and larger encoders (F, G). While
larger encoders generally perform better, smaller encoders achieve
lower latencies, as expected. Notably, the model in B has a sim-
ilar latency to our Aysnc model but performs significantly worse
(61.30 vs. 69.53). Lat. stands for latency in milliseconds.

ID Model Size DSt SRf(%) Lat.]
A CLIP-ViT-L 308M  74.33 48.94 120
B CLIP-ViT-L8 114M  61.30 35.00 50
C InternViT 304M  71.53 46.82 148
D  ViT-Base 86.9M  67.53 44.55 90
E EVAO2-Base 85.8M  65.20 37.73 70
F CLIP ViT-H 631M  70.74 43.64 174
G  CLIP-ViT-g 1011M  73.19 4591 235
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Table 3. Ablation Study. We conduct an ablation study by removing each component of the model (A-C). Additionally, we report the
performance of the small model alone (D) and further analyze forecasting by using ground truth features during both training and testing
(E) or only during testing (F). ‘GT’ indicates ground truth. See the text for a detailed analysis.

ID Method DST SRf(%) Efficiency? Comfort! Latency|
Base Model (Ours) 74.33 48.33 186.04 25.77 120
Async Model (Ours) 69.53 38.64 184.51 28.43 50

A Without Forecasting 54.92 30.45 177.52 18.71 50

B Without Small Model 42.49 17.27 170.94 14.10 30

C Base Model Without Action Mask 70.02 87.26 178.37 29.97 120

D  Async Model Without Action Mask  42.67 17.27 167.32 27.99 50

E ViT-Base as Small Model 57.07 27.73 175.58 35.18 90

F Small Model Only 61.30 35.00 183.63 43.91 50

G  GT Forecasting 74.12 48.18 192.72 24.76 120

H GT Forecasting (Test Time) 60.72 32.27 151.53 17.25 120

3.3. Additional Qualitative Analysis

We present two additional qualitative examples: one com-
paring the Async model to the version without the small
model (B) in Fig. 1, and another examining lane change
behavior between the Base model and the Async model in
Fig. 2.
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Figure 1. Turn Failure. In the left column, we show the initial state of the scene. In this scenario, the agent is performing a right turn at an
intersection. In the middle, the Async Model can maneuver properly, performing a correct turn. On the right, the model without the small
encoder (B) is unable to perform a smooth turn, performing a tighter turn resulting in a crash.

Figure 2. Lane Change - Base model vs. Async. In the left column, we show the initial state of the ego vehicle in traffic. In this
scenario, the ego vehicle is required to switch the left lane. In the middle, the Large model is able to correctly make the lange change while
avoiding collision. Interestingly, the Async model on the right ignores the requested lane change and continues driving straight. Due to the
leaderboard evaluation method, both models get a perfect driving score in this scenario.
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