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Method | AMOTAT AMOTP) Recallt IDS]| Method | ToU-nt ToU-f1 VPQn.t VPQ-f1
Immortal Tracker! [93] | 0.378 1.119 0.478 936 FIERY [35] 594 36.7 50.2 209
ViP3D [30] 0.217 1.625 0.363 - StretchBEV [1] 55.5 37.1 46.0 29.0
QD3DT [36] 0.242 1.518 0.399 - ST-P3 [38] - 38.9 - 32.1
MUTR3D [104] 0.294 1.498 0.427 3822 BEVerse' [105] 614 40.9 54.3 36.1
UniAD 0.359 1.320 0.467 906 UniAD 63.4 40.2 54.7 335
Table 3. Multi-object tracking. UniAD outperforms previ- Table 6. Occupancy prediction. UniAD gets significant improve-
. s ~ : L2(m)} Col. Rate(%)])

Method | Lanes? Drivablet Dividert Crossingt Method s 25 3s Ave | 1s 25 3s  Ava
VPN [72] 13.0 76.0 - - NMP' [101] - - 231 - - - 192
LSS [76] 18.3 73.9 - - SA-NMP' [101] | - - 205 - - - 159 -
BEVFormer (55 | 239 7S LN PEEl B
BEVerse' [105] = - 30.6 17.2 : : i 2' . I 0'

. ST-P3 [38] 133 211 290 211|023 062 127 071
UniAD 31.3 69.1 25.7 13.8 UniAD 048 096 1.65 1.03 | 0.05 0.7 071 031

Table 4. Online mapping. UniAD achieves competitive perfor- Table 7. Planning. UniAD achieves the lowest L2 error and colli-
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These are a few frames taken at regular intervals from a driving video:<img></img>...<img></img>. Suppose you are
drlwng in this scenario, please describe the scene condition.

Scene Condition:

Weather:Sunny.

Time:Night.

Road Environment:Urban.

Lane Options:Own Lane, Right Lane.
Ego Lane Position: Leftmost Lane.

Please list the critical objects in the front view that affect ego vehicle's next driving decisions, E‘{@
and box them step by step. —
L

There are 1 critical object in the front view. The objects include ['Sedan’].
Object 1:<ref>Sedan</ref><box>(404,519),(488,633)</baox>.

ra
Matching 2D Objects: - Sedan at img region [404, 519, 488, 633].
Matching Information: Object in the BEV view [18.86, 1.77], history trajectory: [(13.9,1.3), (9.2,0.8), (4.3,0.4), (-0.1,0.2)].
Describe the characteristics of the object and indicte its influence based on the matching information

Characteristics: Driving slowly ahead in the ego lane. | Influence: Blocking the future path of the ego vehicle.

| Ego-States:
Historical Trajectory (last 2 seconds): [(-5.30,0.04), (-10.47,0.16), (-15.38,0.36), (-20.47,0.65)]
Mavigation: MAINTAIN,
.\Please make a summary of the current scene based on the information provided and your previous analysis.

Scene Condition:

Weather:Sunny.

Time:Day.

Road Envirenment:Urban.

Lane Options:0wn Lane, Left Lane.

Ego Lane Position:Rightmost Lane.

Critical Events: The ego vehicle maintains a constant speed along the current lane, with a
slow-moving sedan ahead and no oncoming vehicles in the right rear lane.

Based on the above analysis and the current scenario, please determine the driving meta
actions and decisions you will take next.

Meta Actions: ['Change lane to the right', 'Go straight at a constant speed’].
Decisions: Maintain a safe distance from the vehicle ahead, change lanes to the right, and continue driving.

[ Based on the above decisions and analysis, please plan the 3s future trajectory of the ego vehicle.

[(5.3,0.0),(10.5,0.1),{15.6,0.2),(20.7,0.3),(25.8,0.4),(30.9,0.5)]
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Large Vision Language Model
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léz] %%Biﬁﬂ EI ﬁ ﬁ E El] 1I:| BN ﬁ E 1% *% ;_'}E]. Sequence of Images Time: Daytime. Characteristics: Parking on the right slightly to the right, go straight at a
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[(=1,y1), (2, y2)]--.- Summarized Analysis: constant speed.
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Scene Summary:

Weather:
Time:

Critical Object 1:

=
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The ego vehicle is moving at a constant speed along the current lane, with ongoing road construction work ahead: there are three construction
workers working on the left side of the lane at the roadside.

Sunny

Daytime

Class:

Three Construction
Workers

Characteristic:

Construction work
on the side of the
lane to the left of
the host vehicle

Influence:

Affects the normal
speed of the host
vehicle

WY ‘\ Road Condition:  Construction
\ || Lane Condition: Own Lane
\
¥ Critical Object 2:
Class: Construction Zone
Characteristic: Road repair in front
[— of the host vehicle

lane

Influence: Affects the host
vehicle to drive
straight normally

Meta Action:

["Slow down”, "Change lane to the left”, "Go straight slowly"]

Decelerate and change lanes to the left. keeping a safe distance from the
construction workers on the left front side.

Decision Description:
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B ZEAYSUP-ADFInuScenes#IEEE #4177 48 AYSLLE SR IE

DriveVLMBS B 31 .

Table 1. Results on the test set of our proposed SUP-AD dataset.
. Using the official API of GPT-4V. For Lynx and CogVLM, we
utilize the training split for fine-tuning purposes. In contrast, for
GPT-4V, we employ in-context learning.

Method | Scene Description Meta-actions
Fine-tuning w/ Lynx [54] 0.46 0.15
Fine-tuning w/ CogVLM [44] 0.49 0.22
GPT-4VT [36] 0.38 0.19
Drive VLM w/ Qwen 0.71 0.37

Table 4. Inference speed on the NVIDIA Orin platform. “Trad.
AD” represents end-to-end traditional autonomous driving method
similar to VAD [24].

Method ‘Trad. AD DriveVLM DriveVLM-Dual

Inference time per scene | 0.3s 1.5s 0.3s

Table 2. Planning results on the nuScenes validation dataset.
Drive VLM-Dual achieves the best performance. T means using per-
ception and occupancy prediction results from Uni-AD. ' denotes
cooperating with VAD [24]. All the models take ego states as input.

L2 (m) | Collision (%) |

Method 1s 2s 35 Avg. | 1s 2s 3s  Avg.
NMPT [53] - - 231 - - - 192 -

SA-NMPT [53] - - 205 - - - 159 -

FFt [20] 055 120 254 143|006 017 1.07 043
EO' [25] 067 136 278 160 | 004 009 088 033
ST-P3 [21] 133 211 290 211|023 062 127 071
UniAD [22] 048 096 1.65 103|005 017 071 031
VAD-Base [24] 0.17 034 060 037 | 007 010 024 0.14
DriveVLM 0.18 034 068 040 | 010 022 045 027
DriveVLM-Dual’ | 0.17 037 063 039 | 008 0.18 035 020
DriveVLM-Dual* | 0.15 0.29 048 031 | 0.05 0.08 0.17 0.10
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Method |minADE(m)¢ minFDE(m)] MR| EPAT L2(m)l) Col. Rate(%)..
Method Is 2s 3s Avg. | 1s 2s 3s Avg
Cons Pos. [15] 5.80 10.27 0347 - : :
Cons Vel. [15] 2.13 4.01 0318 - FF* [13] 0.55 1.20 2.54 1.43[0.06 0.17 1.07 043
Traditional [10] 2.06 3.02 0.277 0209  EO* [22] 0.67 136 2.78 1.60[0.04 0.09 0.88 0.33
PnPNet [28] 1.15 1.95 0.226 0.222
ViP3D [10] 2.05 2.84 0246 0226 ST-P3[14] 1.33 2.11 290 2.11{0.23 0.62 1.27 0.71
. UniAD' [15] |0.45 0.70 1.04 0.73|0.62 0.58 0.63 0.61
UniAD[15] 0.71 1.02 0.I51 0456 yapf20)  |0.41 070 1.05 0.72]0.03 0.19 043 021
SparseDrive-S 0.62 0.99 0.136 0482 g0rceDrive-S [0.29 0.58 0.96 0.61|0.01 0.05 0.18 0.08
SparseDrive-B 0.60 0.96 0.132 0555 garseDrive-B [0.29 0.55 0.91 0.58(0.01 0.02 0.13 0.06
(a) Prediction results. (b) Planning results.
N o Z7 h3 . S
B FIGETIE, SparseDrive-S HIRIEE, HXZ
SparseDrive-B, /& UniAD,
A Y Z7 hY . hS \ =
m EMIERCEITE, SparseDrive-S IKARMEEE,
SparseDrive-B EfEH S, UniAD MIRINEZE.
Method Training Efficiency Inference Efficiency
GPU Memory (G) Batch Size Time (h) | GPU Memory (M) FLOPs (G) Params (M) FPS
UniAD [15] 1 48 + 96 | 2451 1709 125.0
SparseDrive-S 6 18 +2 1294 192 85.9 9.0
SparseDrive-B 4 26 +4 1437 787 104.7 7.3
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--On the Road to Portability: Compressing End-to-End
Motion Planner for Autonomous Driving

60 InterFuser 28.3M 52.9M
@ InterFuser+PlankD .'
o 50 _
= 26.3M
o
S a0
o g
€30 3.8M
=
= .II.TM
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Inference Time (ms / frame)
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Figure 1. An illustration for the performance degradation of Inter-
Fuser [33] on Town(05 Long Benchmark [3 1] as the number of pa-
rameters decreases. By leveraging our PlanKD, the performance

of compact motion planners can be enhanced, and the inference

time can be significantly lowered. The inference time 1s evaluated
on GeForce RTX 3090 GPU in a server. Best viewed in color.
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AEFN R (B 4F LRt 2 B BEE R . X—KESEPlanKDRETZ L7
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Figure 3. Visualizations of safety-aware attention weights under different driving scenarios. The green block denotes the ego-vehicle and
the yellow blocks represent other road users (e.g. vehicles, bicycles). The redder a waypoint is, the higher attention weight it has.
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(b) ARIRE T — @B CIFAIIES PlanKD, EFEFEMFEET
A EFERSHRMEROFIR, FEHKE waypoints BIETHIT
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(d) CARLA TownO5RERIE .

Table 1. Overall performance of motion planners of different size, with and without utilizing PlanKD, on the Town03 Long Benchmark. Table 2. Overall performance of motion planners of different size, with and without utilizing PlanKD, on the Town(5 Short Benchmark.

The inference time per frame is evaluated on GeForce RTX 3090 GPU. The inference time per frame is evaluated on GeForce RTX 3090 GPU.
Backb Param Inference  With Driving Route Infraction Collision Infraction Backbone Param Inference  With | Driving Route Infraction Collision Infraction
% | Count Time (ms) PlanKD | Score(t) Completion(1) Score(]) Rate(])  Rate(]) Count Time (ms) PlanKD | Score(f) Completion(t) Score(f) Rate(])  Rate(])
| 52.9M 78.3 - | 53.44 97.52 0.549 0.090 0.078 | 52.9M 78.3 - | 94.88 99.88 0.950 0.141 0.000
26.3M 39.7 X 36.55 94.00 0.425 0.121 0.068 26.3M 39.7 X 82.70 96.87 0.841 0.662 0.141
26.3M 39.7 v 55.90 97.44 0.562 0.094 0.093 26.3M 39.7 v 93.69 96.43 0.960 0.207 0.000
InterFuser InterFuser
11.7M 22.8 X 17.12 66.19 0.358 0.362 0.283 11.7M 22.8 X 58.17 89.69 0.644 0.731 1.638
11.7M 22.8 v 28.79 80.50 0.430 0.315 0.202 11.7M 22.8 v 74.57 96.65 0.762 0.479 0.622
3.8M 17.2 X 11.96 64.56 0.335 1.117 0.722 3.8M 17.2 X 54.56 79.11 0.688 0.503 1.603
3.8M 17.2 v 26.15 70.95 0.410 0.361 0.265 3.8M 17.2 v 65.18 81.52 0.807 0.337 0.863
| 25.8M 17.9 - | 5341 100.0 0.534 0.076 0.115 | 25.8M 17.9 - | 95.53 99.53 0.960 0.141 0.000
13.9M 10.7 X 39.96 91.06 0.443 0.183 0.157 13.9M 10.7 X 84.53 88.53 0.960 0.141 0.000
TCp 13.9M 10.7 v 53.19 03.28 0.579 0.084 0.116 TCP 13.9M 10.7 v 95.49 99.49 0.960 0.141 0.000
7.6M 8.5 X 25.88 52.69 0.690 0.110 0.101 7.6M 8.5 X 79.34 86.84 0.919 0.303 0.000
7.6M 8.5 v 3544 63.95 0.673 0.096 0.087 7.6M 8.5 v 83.59 87.09 0.960 0.162 0.000
3.1M 7.2 X 16.16 31.33 0.781 0.098 0.161 3.1M 7.2 X 58.70 65.17 0.930 0.162 0.143
3. 1M 7.2 v 23.84 32.03 0.858 0.052 0.074 3. 1M 7.2 v 64.86 68.36 0.960 0.162 0.000
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