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Supplementary Material

A. More Method Details

A.l. The Attention Mask for Perception Tasks

To illustrate how Percep-WAM leverages World-PV and
World-BEYV tokens in the unified VLM backbone, Figure 10
visualizes the attention masks between input and output to-
kens for the PV- and BEV-detection tasks, respectively.

Specifically for the PV detection task, the attention mask
is designed according to three principles: (i) World-PV to-
kens are fully visible to each other to better fuse PV fea-
tures; (ii) for each grid-based prediction, the text tokens,
grid tokens and output tokens follow the standard causal at-
tention used in LLMs; (iii) to support grid-based parallel
AR decoding, grid tokens and output tokens from different
grid-based predictions are mutually masked. For BEV de-
tection, two design choices apply: (i) similar to World-PV
tokens, World-BEV tokens are fully mutually visible; (ii) to
better capture the PV-to-BEV transformation and mitigate
overfitting, each output token is constrained to attend only
to World-BEYV tokens and its corresponding grid token.
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(a) PV detection. (b) BEV detection.

Figure 10. Illustration of attention mask for input tokens for (a)
PV and (b) BEV detection tasks.

A.2. Streaming Inference

To meet the demands of real-world applications, we investi-
gate the streaming inference capability of the Percept-WAM
model for handling infinitely long conversational visual in-
puts. Inspired by streaming inference research in current
mainstream VLMs [103, ], we adopt a streaming strat-
egy illustrated in Figure 11. Specifically, as shown in Fig-
ure 11a, the trajectory prediction tokens at time step 7" at-
tend to the tokens of the two most recent frames (i.e., frame
T and frame 7—1). Considering the high computational cost
of processing visual tokens in the prefill phase, we reuse
the KV cache from previous computations, with the specific
strategy available for reference in Figure 11b.

However, inconsistencies between training and inference
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(a) Streaming Attention Map. (b) Streaming Strategy.

Figure 11. Streaming inference strategy. Each trajectory pre-
diction attend previous two frames. The KV cache of historical
frames (blue diagonally striped blocks in Fig.(b)) is reused to im-
prove inference efficiency. A dual-recomputation strategy is pro-
posed to mitigate the effects of discontinuous cache positions and
error accumulation.

paradigms inevitably lead to distribution drift: the cross-
attention mechanism between frames theoretically enables
historical tokens to implicitly encode historical information
of infinite length. This differs significantly from standard
video-clip-based training, which relies on fixed-length his-
torical information. Thus, adopting a longer-clip training
scheme is crucial for enhancing the model’s generalization
capability on extended historical sequences.

To stabilize the computation process while gradually
discarding historical visual tokens, we retain the attention
sink [105] (corresponding to the green grids in Figure 11b).
However, this design causes deviations in positional embed-
ding within the KV cache, arising from the discontinuity
between the attention sink and visual frames. To address
this issue, a dual-recomputation strategy is proposed with
both local attention refinement and global cache recompu-
tation: we recompute rotary positional embeddings (corre-
sponding to the white numbers in Figure 11b) and adopt
the specific token recomputation method [106] to correct
cross-attention results. Meanwhile, we mitigate error ac-
cumulation from increasing inference lengths by periodi-
cally caching ViT tokens and recomputing the complete KV
cache, safeguarding long-sequence stability.

As shown in Table 7, we achieve 16% and 40% reduction
in inference latency for the AR and the Query decoders,
respectively, with an accuracy loss of less than 0.01.

A.3. End-to-End Trajectory Prediction

Attention Mask for Query-based Trajectory Decoding.
As described in Section 3.3, we introduce several sets of
point-level queries and enforce modality-specific alignment
by adjusting the attention mask. The attention mask is vi-
sualized in Figure 12: the first three query sets attend only
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Figure 12. Attention mask for our query-based trajectory de-
coding. Qceo, Qpv, and Quey are aligned with their corresponding
modality tokens, while Qg accesses all features to decode the fi-
nal trajectory.

to their corresponding modality tokens for trajectory decod-
ing, while the final query set attends to all input tokens to
generate the final trajectory.

Detail Settings of Percept-WAM as the Trajectory Selec-
tor. As mentioned in Section 4.2, training Percept-WAM
solely to replicate ground-truth trajectories is insufficient
for achieving strong closed-loop performance, as trajectory
supervision often misaligns with real-world evaluation met-
rics [107]. To mitigate this gap, we introduce a query-
based trajectory scoring and selecting approach inspired
by Hydra-MDP [97] and GTRS [108], evaluating it on the
NAVSIM v1 benchmark.

As showed in Figure 13, instead of direct trajectory repli-
cation, we train the model to score a super-dense, pre-
clustered trajectory vocabulary Vx . Half of Vx is ran-
domly dropped during training to improve robustness. At
inference, a reduced vocabulary Vy, is used. Each trajectory
in Vy, is first embedded through an MLP and then encoded
as V; via a stack of transformer layers:

Vi, = Transformer(Q, K,V = MLP(V1)). (€))

Percept-WAM further integrates contextual cues by
querying features from the World-PV Tokens Twpy, World-
BEV Tokens Twggv and Text Tokens 77, generating World-
Action Tokens Ty for trajectory scoring:

Twa = Percept-WAM(Q = V1, K,V = Twev, Twsev, Tr). (2)

These enriched features are passed through a set of pre-
diction heads to compute trajectory scores. Using a binary
cross-entropy objective, we distill rule-based driving priors
into our model. At inference time, our model selects the tra-
jectory with the highest composite score, reflecting optimal
performance for the given scenario.
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Figure 13. Query-based trajectory scoring and selecting. The
embedded trajectory vocabularies are trained to be aligned with the
World-PV, World-BEYV, and Text Tokens, then decoded to generate
the composite scores. The trajectory with the maximal score is
selected as the planning result.

B. More Experiment Settings

B.1. Two-Stage Training Details.

Training Setting Details. To effectively optimize Percept-
WAM for both perception and planning, we adopt a two-
stage training scheme. The first stage focuses on enhancing
the VLM’s overall 2D and 3D spatial perception, assisted
by autonomous-driving general QA tasks, while the second
stage trains end-to-end trajectory prediction on top of this
perception-enhanced base model. The detailed training hy-
perparameters are summarized in Table 8.

Data Construction. As shown in Table 2 of the main paper,
we employ task-specific training datasets for PV, BEV, and
trajectory prediction. To preserve the model’s general ca-
pabilities, we further incorporate autonomous-driving QA
data during training. For each task family, we specify the
data mixture as follows: (i) for PV tasks, the sampling ratio
among 2D Detection, Mono 3D Detection, Instance Seg-
mentation, Semantic Segmentation, and Grounding is set to
1:1:2:1:1; (ii) for BEV tasks, the ratio between 3D Detec-
tion and BEV Segmentation is 1:1; (iii) when jointly train-
ing multiple main tasks (i.e., PV, BEV, trajectory prediction,
and Driving QA), we sample each task with equal probabil-
ity for simplicity.

C. More Experiment Results
C.1. Main Results

Comparison of Visual Grounding Performance. In this
section, we evaluate the model’s ability to leverage fine-
grained world features for complex visual grounding. Vi-
sual grounding is a critical task that associates textual de-
scriptions with corresponding image regions or objects.
This task can be further divided into referring expres-
sion comprehension (REC) and referring expression seg-
mentation (RES), with output formats of bounding boxes
or masks. We present comprehensive comparison results
for both tasks in Table 9 and Table 10, respectively. As



Table 8. Hyperparameter configurations for Percept-WAM across training stages.
the same base hyperparameters. All experiments are trained on 8 nodes.

Note that within each stage, jointly trained tasks share

Stage 1 Stage 2
Training parameter PV Perception BEYV Perception Driving QA Trajectory Prediction
Learning rate 0.0002 0.0002 0.0002 0.0002
Warmup iterations 1000 1000 1000 500
Training iterations 100000 100000 100000 3000
Batch size 64 64 64 64
Image resolution 1344 x 896 796 x 448 796 x 448 796 x 448
Grid number 10 x 10 40 x 40 for Det, 10 x 10 for Seg NA NA
Optimizer AdamW AdamW AdamW AdamW
Weight decay 0.01 0.01 0.01 0.01
Schedule Cosine Annealing Cosine Annealing Cosine Annealing Cosine Annealing

Table 9. Comparison of referring expression comprehension (REC) performance, reported using P@0.5. VGM and MLLM refer to the

vision generalist model and multimodal large language model, respectively.

Method Type RefCOCO RefCOCO+ RefCOCOg N
val testA testB val testA testB val test g
MDETR [109] VGM 868 89.6 814 795 841 706 81.6 809 81.8
Grounding DINO T [110] 892 919 860 81.1 874 747 842 849 849
Shikra-13B [111] 87.8 91.1 818 829 878 744 826 832 84.0
MiniGPT-v2-7B [112] MLLM 88.1 913 843 796 855 733 842 843 83.8
VistaLLM-7B [113] 88.1 91,5 830 829 898 748 83.6 844 84.8
Percept-WAM 899 908 893 854 8382 817 865 87.0 874

Table 10. Comparison of referring expression segmentation (RES) performance, reported using cumulative IoU (cloU). VGM and MLLM
refer to the vision generalist model and multimodal large language model, respectively.

Method Type RefCOCO RefCOCO+ RefCOCOg N
val testA testB val testA testB val test g
GLEE-Pro [114] VGM 80.0 - - 69.6 - - 72.9 - 74.2
UNINEXT-H [115] 822 834 813 725 764 662 747 764 76.6
LISA-7B [116] 741 765 71.1 624 674 565 664 68.5 679
VistaLLM-13B [113] 772 787 739 71.8 744 656 69.8 719 729
GLaMM-7B [117] MLLM 795 832 769 726 787 646 742 749 756
HiMTok-8B [118] 81.1 812 792 77.1 788 715 758 767 717
Percept-WAM 865 874 866 799 836 752 813 819 828

Table 11. Ablation studies of different trajectory decoding and selecting methods on NAVSIM [
better, 1 indicates higher is better. Query-based trajectory scoring and selecting surpasses other trajectory planning mechanisms on the

NAVSIM v1 benchmark.

] vl benchmarks. | indicates lower is

Trajectory Planning Mechanism NAVSIM v1

NCt DACtT TTCt Comf.f EPT PDMST
AR-based trajectory generation 96.4 945 92.0 98.7 78.5 84.1
Query-based trajectory generation 96.5 90.3 91.0 99.7 75.6 80.4
Query-based trajectory scoring and selection 98.8  98.6 94.4 99.5 84.8 90.2

shown in Table 9, Percept-WAM achieves top-tier perfor-

mance on the RefCOCO [

1, RefCOCO+ [

], and Ref-



Table 12. BEV segmentation results on nuScenes [ 18] with geo-
graphical train/val splits [107].

Modality Method Dri. Ped. Lane. Veh.

EAFT [107] 58.06 - - -

C Percept-WAM 5641 3321 2203 3447

C+L Percept-WAM 67.19 22.06 2399 56.76

COCOg [86] benchmarks among MLLMs, outperforming
Grounding DINO [74], a representative VGM, by an aver-
age of 2.5 P@(.5. Table 10 demonstrates Percept-WAM’s
exceptional pixel-level segmentation performance among
VGMs and MLLMs, achieving an average cloU of 82.8.
We demonstrate Percept-WAM’s visual grounding perfor-
mance on the same images with different descriptions, as
shown in Figure 14, highlighting its robust ability to distin-
guish specific objects with unique attributes from visually
similar instances.

BEV Segmentation Results on Geographical Train/Val
Splits. For the BEV segmentation task, we additionally
report results on nuScenes with the geographical train/val
split (following the split protocol in EAFT [107]), as shown
in Table 12. The results indicate that our Percept-WAM
achieves performance comparable to EAFT, and that incor-
porating LiDAR inputs consistently provides stable perfor-
mance gains.

C.2. Ablation Studies

Ablation of Query-based Trajectory Decoding Methods.
We ablate different query—mask configurations for trajec-
tory decoding, as summarized in Table 13. Compared to
the “full” mode, which uses a single query set Qgy,1, paral-
lel decoding with multiple query sets reduces the trajectory
error by approximately 8%.
Ablation of Clustered-Action Design. The clustered-
action method discretizes trajectories using the K-Disk
clustering algorithm with a maximum vocabulary size of
2048. A greedy clustering approach is applied based on
a 0.05-meter distance threshold to group similar trajecto-
ries. To improve long-horizon stability, trajectories are
segmented into s-frame intervals, where s € {1,2,3,6}.
As shown in Table 14, a segment length of 2 frames
with a 0.05-meter threshold yields the best performance on
nuScenes, achieving an L2_avg of 0.3919.
Comparison of E2E Performance. We ablate different
trajectory planning strategies in the closed-loop setting on
NAVSIM benchmark. Specifically, we compare three meth-
ods: (i) AR-based trajectory generation, (ii) query-based
trajectory generation, (iii) query-based trajectory scoring
and selection. The results are summarized in Table 11.

The comparison between AR-based and query-based
methods in Table 7 appears inconsistent with the abla-

Table 13. Query mask ablation results on nuScenes trajectory pre-
diction task. Lower is better. ‘Full’ means using a single query
set which can attend to all the input tokens. ‘Parallel’ refers to our
approach, where all query sets are decoded in parallel.

Mask mode L2-avg|
Full 0.4151
Parallel 0.3821

Table 14. Ablation of AR (cluster) configurations with different
frame interval s on nuScenes trajectory prediction task. Lower({.)
is better.

Method L2-1s| L2-2s| L12-3s] L2-avg|

AR 0.160 0.356 0.674 0.3970
AR(cluster),—;  0.434 0.744 1.129 0.7692
AR(cluster);—o  0.181 0.356 0.638 0.3919
AR(cluster),—3  0.196 0.390 0.692 0.4260
AR(cluster)s—g  0.236 0.494 0.892 0.5406

tion results in Table 11. This discrepancy arises from the
misalignment between open-loop and closed-loop metrics.
While the query-based method reduces the L2 distance be-
tween planned trajectories and ground truth (from 1.1 m
to 0.8 m on the NAVSIM navtrain validation split), im-
proved trajectory replication does not always lead to bet-
ter closed-loop performance, as evidenced by PDMS on
the NAVSIM [17] benchmark. Therefore, we adopt query-
based trajectory scoring and selection which combines the
imitation strength of the query-based approach with the
closed-loop metrics, and achieves the best overall perfor-
mance.

C.3. Illustrations

Trajectory Prediction Results. As shown in Figure 15,
our model demonstrates strong trajectory planning in vari-
ous challenging scenarios. It effectively handles decisions
such as yielding to vehicles and pedestrians, navigating haz-
ards in adverse weather, and accounting for occluded ob-
jects in low-visibility conditions. These examples highlight
the model’s robustness and adaptability, even in long-tail
cases.

D. Limitations

Limitations & Future Work. We plan to explore more
efficient and higher-accuracy architectures for multi-task
joint training (perception & trajectory prediction), such as
Mixture-of-Experts (MoE), where different tasks will be
routed to specialized experts. In addition, for both percep-
tion and end-to-end trajectory prediction, we aim to employ
a unified reinforcement learning framework with a multi-
objective reward design to jointly optimize these tasks.
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Figure 14. Illustration of Percept-WAM on the visual grounding task. Percept-WAM accurately localizes referred objects and exhibits
robust understanding of diverse visual attributes.
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Figure 15. More illustration of trajectory planning capabilities. The ego vehicle is shown as a green box, background vehicles as black
boxes, pedestrians as purple boxes, and other detected objects as grey boxes. Ground truth trajectories are shown as blue dots, and planned
trajectories as red dots. (a) Percept-WAM successfully navigates the ego vehicle turning left, yielding to pedestrians crossing the road.
(b) Under rainy conditions, the model detects a jaywalking pedestrian and safely avoids a potential collision. (c) While turning right at
night, the model accounts for a cyclist obstructed in the front camera view, ensuring enough space for safe passage. Overall, our model
demonstrates strong planning performance, even in challenging and long-tail scenarios.
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