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tracking information

t: timestep
P: 3D position

V: velocity
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ur system integrates visual, trajectory, and ego-motion information through visual and trajectory encoders. The input consists of multi-
view images, which are processed to obtain visual embeddings, while a 3D tracker generates key object tracks. These tracks are then
used to extract spatiotemporal embeddings, which are fused with the visual embeddings and transformed through a query former module.
These multimodal embeddings are then passed to the large language model enhanced with adapters to align visual, tracking and textual
Kmodalities, enabling contextual reasoning and task-specific answers.
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\ Gur system integrates visual, trajectory, and ego- \

motion information through visual and trajectory
encoders. The input consists of multi-view images,
which are processed to obtain visual embeddings,
while a 3D tracker generates key object tracks. These
tracks are then used to extract spatiotemporal
embeddings, which are fused with the visual
embeddings and transformed through a query former
module. These multimodal embeddings are then
passed to the large language model enhanced with
adapters to align visual, tracking and textual
modalities, enabling contextual reasoning and task-

@ecific answers. /

/ Multi-view Select Frames and Key Objects \
Frame Sequence ]

advantage by integrating 3D tracking information. Compared to the baseline, our
approach achieves a 9.5 percentage point gain in accuracy and a 9.4 percentage

point increase in the overall final score. This highlights the critical role of
\spatiotemporal context for understanding complex real-world driving scenarios. )

~ Question:What actio

ead to a collision with

GT: Accelerate and go straight.

paseline: No such action will lead to a col
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ns taken by the ego vehicle can Question: In this scenario, what are safe actions to

<c1,CAM_FRONT,714.3,503.6>? take for the ego vehicle?

GT: Keep going at the same speed, decelerate gradually without braking.

Baseline: Brake gently to a stop, brake suddenly, and proceed ahead.

lision.
Ours: Keep going at the same speed, decelerate gradually without

Durs: Accelerating and going straight.

braking.

driving slowly.

GT: A. The ego vehicle is going straight. The ego vehicle is not moving.

Baseline: D. The ego vehicle is steering to the left. The ego vehicle is

Ours: A. The ego vehicle is going straight. The ego vehicle is not moving.

Method Accuracy ChatGPT Bleul Bleu2 Bleu3d Bleud ROUGEL CIDEr Match | Final Score
) Pre-defined Question- . —_
3 DriveLM 0.454 55272 0680 0625 0566 0512 0672 0006 33750 | 0.464 Answer Template TraEc)I:tf;ltértlit;l:]tes =
3 DriveLM + Video  0.667 56000  0.670 0606 0542 0485 0676 0014 39250 | 0519 Ground
Truth
Ours 0.818 67.09 0730 0670 0.610 0552 0734 0140 43500 | 0.611 "
. Question: What is the average speed of the black car?
3 DriveLM 0.501 51396 0614 0559 0506 0455 0658 0033 17.883 | 0421 Answer 0.5 m/s
% | DriveLM+Video 0523 55352 0706 0642 0581 052 0701 0040 29074 | 0472 | Question:Is the black car going left, right, or straight with respect to ego?
[ Answer: Straight
Ours 0.596 58438 0724 0658 0593 0531 0721 0.044 35730 | 0515 \ Pretraining data /
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On the DriveLM-nuScenes test set, our method demonstrates a substantial

We make use of nuScenes ground truth and multi-
view frames to generate tracks and question-answer
pairs related to track attributes for pretraining our
proposed trajectory encoders.

Method Accuracy ChatGPT Bleul ROUGEL CIDEr g:(::i
DriveLM  0.908 72.824 0732  0.712 1.145 0.714
Ours 0.917 77.972 0.753  0.736 1.617  0.751

We also validated our method on the DriveLM-
CARLA dataset. The results show our approach
adapts to the simulated environment, outperforming

the baseline with a 3.7 point gain in the final score.




