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Abstract— Vision-Language-Action (VLA) models have emerged
in autonomous driving, promising to improve the cognitive
capabilities of driving systems with rich world knowledge. How-
ever, adapting pretrained Vision-Language Models (VLMs) for
driving presents an optimization dilemma: strengthening spatial
perception can compromise the semantic reasoning inherited
from pretraining. We argue that this difficulty arises from two
sources: interference among understanding, perception, and action
objectives under shared transformations, and driving-domain
adaptation that alters pretrained transformations supporting
semantic reasoning. To address them, we propose UniDriveVLA,
a Unified Driving Vision-Language-Action model that unifies
understanding, perception, and action planning for autonomous
driving. We build UniDriveVLA on a Mixture-of-Transformers
(MoT) architecture with dedicated experts for task-specific
transformations and introduce Masked Joint Attention to control
their information exchange. We further propose reasoning-
preserving spectral regularization (ReSPECT) to discourage low-
rank updates from concentrating along the dominant singular
subspaces of pretrained weights. Within this framework, sparse
perception extracts structured spatial states, which the Action
Expert combines with semantic context to predict continuous tra-
jectories. Extensive experiments demonstrate strong performance
across understanding, spatial perception, and action planning.
Closed-loop evaluations on NeuroNCAP and Fail2Drive further
demonstrate safety-critical robustness and long-tail generalization,
respectively. Finally, UniDriveVLA-Flash enables real-time end-
to-end inference at 10.4 Hz.

Index Terms—Autonomous driving, Vision-Language-Action
models, spatial perception, semantic reasoning.

I. INTRODUCTION

Utonomous driving has made significant progress in per-

ception [1], [2], [3], prediction [4], [5], and planning [6],
[7]. Against this backdrop, Vision-Language-Action (VLA)
models [8], [9], [10], [11], [12] have emerged as a promising
direction, leveraging rich world knowledge and reasoning
capabilities to enhance the cognitive capabilities of driving
systems. Most driving VLAs, however, are built upon 2D
Vision-Language Models (VLMs) [13], [14], [15] pretrained
on internet-scale image—text data. Although these models
provide strong semantic understanding, they are not designed
for explicit spatial perception, limiting their ability to capture
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the geometric structure required for driving. Recent works [12],
[16], [17], [18], [19], [20] therefore augment VLA systems
with 3D spatial representations, either by aligning structured
2D/3D features with language representations or by introducing
spatial tokens into shared decoders. Yet a trade-off remains,
as illustrated in Fig. 1: directly adopting 2D VLMs preserves
native semantic reasoning but yields limited spatial perception,
whereas 3D enhancement improves spatial perception but can
compromise pretrained reasoning capabilities.

This trade-off arises not merely from introducing 3D
spatial representations, but from how heterogeneous driving
capabilities are jointly optimized during VLM adaptation.
Existing methods introduce spatial information either by
aligning structured 2D/3D features with language represen-
tations [18], [19] or by incorporating spatial tokens into
a shared decoder [16], [17], [21]. Despite these different
designs, understanding, perception, and action remain largely
coupled through shared transformations. This coupling can
induce interference among heterogeneous objectives during
optimization and weaken the semantic reasoning inherited
from the pretrained VLM. Accordingly, a unified driving VLA
requires task-specific transformations, controlled information
exchange, and regularization to preserve pretrained semantic
capabilities during driving adaptation.

To address these challenges, we propose UniDriveVLA, a
Vision-Language-Action model that unifies understanding, per-
ception, and action planning for autonomous driving. To reduce
interference among heterogeneous objectives, UniDriveVLA
adopts a Mixture-of-Transformers (MoT) architecture with
dedicated experts for understanding, perception, and action
planning. Masked Joint Attention regulates information ex-
change across these experts, allowing semantic, spatial, and
action representations to interact without reverting to shared
task transformations. Beyond task specialization, we introduce
reasoning-preserving spectral regularization (ReSPECT) to
preserve pretrained semantic capabilities by penalizing low-
rank updates that overlap with the dominant subspaces of
pretrained transformations. To provide driving-specific spa-
tial awareness, the Perception Expert extracts task-relevant
geometry from multi-scale VLM features through sparse
perception. The Action Expert then integrates semantic context
from Understanding with spatial evidence from Perception
to support continuous trajectory planning. For real-time end-
to-end inference, we further develop UniDriveVLA-Flash, an
efficient variant of the unified framework.

Extensive experiments demonstrate strong planning per-
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Fig. 1: Comparison of VLA paradigms for autonomous driving. (a) Vanilla 2D VLA provides strong semantic reasoning
but limited spatial perception. (b) 3D-enhanced VLA improves spatial perception but may degrade semantic reasoning. (c)
UniDriveVLA decouples understanding, perception, and action with the Mixture-of-Transformers architecture, achieving both.

formance of UniDriveVLA in both open-loop and closed-
loop evaluations. Beyond planning, UniDriveVLA achieves
competitive spatial perception and strong driving-oriented
understanding while retaining general multimodal capabilities
after driving adaptation. Further evaluations on NeuroNCAP
and Fail2Drive demonstrate safety-critical robustness and
generalization under long-tail scenario shifts, respectively.
The main contributions are summarized as follows:

o We propose UniDriveVLA, a unified Vision-Language-
Action model that integrates understanding, perception,
and action planning through a Mixture-of-Transformers
architecture, with dedicated experts handling task-specific
transformations and Masked Joint Attention enabling
controlled cross-expert interaction.

« We introduce ReSPECT, a reasoning-preserving spectral
regularization method that penalizes low-rank adaptation
updates overlapping with the dominant subspaces of
pretrained transformations to preserve pretrained semantic
capabilities during driving adaptation.

« Extensive experiments show that UniDriveVLA retains se-
mantic understanding while achieving competitive spatial
perception. The complete model achieves leading planning
results across several matched open-loop and closed-
loop evaluations. Further evaluations on NeuroNCAP and
Fail2Drive demonstrate robust closed-loop behavior under
safety-critical interactions and strong generalization to
long-tail scenario shifts, respectively.

II. RELATED WORK

A. Vision-Language-Action Models for Autonomous Driving

Recent studies [8], [9], [11], [12], [18], [19], [22], [23] have
introduced Vision-Language Models (VLMs) into autonomous
driving to leverage their pretrained world knowledge and
reasoning capabilities for handling semantically complex and
long-tail driving scenarios. Dual-system approaches, such as
DriveVLM [24] and Senna [25], adopt a fast-slow paradigm
that combines VLMs with end-to-end (E2E) driving models [6],
[7], [26], where the VLM predicts low-frequency trajectories
or provides high-level instructions to guide the E2E model. In
contrast to these dual-system frameworks, recent methods have

shifted toward unified single-system architectures [9], [10],
[11], [12], [18], [27], [28], [29], [30], enabling a single model
to perform trajectory planning directly. To meet the inference-
rate demands of autonomous driving, recent methods pair
VLMs with dedicated action decoders [9], [12], [23], [30], [31],
[32] for efficient continuous trajectory prediction, while others
explore Diffusion Large Language Models (DLLMs) [33], [34],
[35], [36] as alternatives to autoregressive reasoning. Recent
works [8], [9], [10], [37], [38], [39], [40], [41], [42] have
also explored reinforcement learning (RL) for fine-tuning VLA
models to further improve driving performance and policy
alignment.

Despite these advances, reliable planning requires not only
semantic reasoning but also accurate spatial perception of the
driving scene. Many existing VLA approaches [8], [10], [11]
build on pretrained VLMs through task-specific fine-tuning,
yet remain limited in driving-specific spatial perception. To
improve spatial perception in VLA models, some approaches
incorporate bird’s-eye-view (BEV) encoders [18] or 3D Q-
Formers [12], [19], [43] to extract 3D features that are subse-
quently fed into large language models (LLMs). Alternatively,
other methods [16], [17], [21], [44] enhance LLMs with spatial
tokens or auxiliary occupancy supervision and jointly optimize
language and spatial-perception objectives. Although these
strategies enrich VLA models with 3D spatial information,
optimizing spatial perception and semantic reasoning through
shared parameters may create interference between the two
objectives, potentially compromising the semantic capabilities
inherited from pretraining. In contrast, our work focuses on
reconciling spatial perception and semantic reasoning within a
unified driving VLA framework.

B. Mixture-of-Transformers

The Mixture-of-Transformers (MoT) [45] paradigm was
introduced as a sparse multimodal architecture that assigns
modality-specific Transformer parameters while preserving
cross-modal interaction through global self-attention. Subse-
quent works [46], [47], [48] extended this design to multimodal
understanding and generation, using modality-specific param-
eters to preserve pretrained language capabilities and global



self-attention to transfer language knowledge into the generative
pathway, thereby improving generation performance. Around
the same time, 7wy [49] introduced a related mixture-based
Transformer architecture for robotics, coupling a pretrained
VLM with a flow-matching Action Expert for continuous action
generation. Leveraging MoT’s combination of expert special-
ization and cross-modal interaction, subsequent works have
adopted similar architectures in VLA models for robotics [50],
[51], [52], [53], [54], [55] and autonomous driving [8], [23],
[29], [56], [57], [58]. However, several driving VLAs [8], [23],
[29] adopt a mg-style design, while their spatial perception
remains limited relative to the demands of reliable planning.
Our work instead augments MoT with a sparse perception
expert, preserving semantic reasoning while strengthening the
spatial perception required for reliable planning.

C. Sparse Perception for Autonomous Driving

Traditional autonomous driving perception heavily relies on
dense 3D representations [59] or BEV grid constructions [1],
[2], [60], which introduce computational redundancy. To
circumvent this limitation, sparse perception models have
emerged as an efficient alternative. These approaches adopt a
query-driven paradigm [61], using a set of sparse 3D queries to
aggregate multi-view image features. Pioneering works such as
DETR3D [62] and PETR [63] established sparse object-query
formulations for 3D detection, bypassing dense view transfor-
mation. Subsequent advancements, including Sparse4D [64]
and SparseBEV [65], further bolstered spatial perception by
integrating temporal modeling and adaptive spatio-temporal
sampling mechanisms. More recently, this sparse paradigm
has been extended to end-to-end autonomous driving systems.
Methods such as SparseDrive [26] and SparseAD [66] represent
dynamic driving scenes using unified sparse queries and
integrate detection, tracking, and planning within a single
framework. Nevertheless, these sparse driving systems do not
integrate their spatial representations with pretrained semantic
reasoning within a unified VLA framework.

III. METHODOLOGY

The overall architecture of UniDriveVLA is illustrated in
Fig. 2. In Section III-A, we first define the problem of jointly
modeling semantic understanding, spatial perception, and action
planning. Section III-B then presents expert specialization with
controlled interaction through the MoT architecture and Masked
Joint Attention, followed by ReSPECT in Section III-C for reg-
ulating adaptation of the Understanding Expert. Section III-D
further describes sparse spatial perception and continuous action
generation. Finally, Section III-E presents UniDriveVLA-Flash,
which combines architectural and runtime optimizations for
real-time end-to-end inference, as illustrated in Fig. 3.

A. Problem Formulation

Given multi-view camera observations I.,,,, the historical
ego trajectory Iy, task instruction Ij,g, and navigation
command I,,,, UniDriveVLA jointly models semantic un-
derstanding, spatial perception, and action planning for safe
and reliable driving. We denote the semantic output as Yy ,q, the
structured spatial output as Y},r, and the future ego trajectory as

Tivaj = {(zk, yi) H< ,, where K denotes the planning horizon.
A unified driving VLA can therefore be formulated as

(Yund7 Yper; Ttraj) = (b@ (Icam7 Ihist; Iinsta Inav) )

where ®g denotes the unified model parameterized by O.

The three capabilities are learned from heterogeneous
supervision. Semantic understanding is optimized by L4,
spatial perception by Lr, and action planning by L. Their
joint objective is

ey

‘Cjoint = )\undcund + /\perﬁper + /\actﬁact; (2)

where Aund, Aper, and \,c¢ balance the three objectives.

Two potential sources of interference arise during training.
First, heterogeneous objectives can produce conflicting updates
when they jointly optimize shared transformations. Second,
even after task-specific transformations are separated, driving-
domain updates within the Understanding Expert can perturb
the pretrained transformations that support semantic reasoning.
The former motivates expert specialization, whereas the latter
motivates ReSPECT.

B. Expert Specialization with Controlled Interaction

Semantic understanding, spatial perception, and action plan-
ning require different representations and supervision, while
reliable driving depends on their cooperation. As shown in
Fig. 2, UniDriveVLA builds upon the Mixture-of-Transformers
(MoT) paradigm [45] and assigns each capability a dedicated
Transformer expert. Let Hj denote the hidden states at layer
[ for g € G = {U,P, A}, corresponding to Understanding,
Perception, and Action. Each expert applies its own attention
transformations:

H/ = LN}, (H}),

ke v - [wh, wi, wi ]
Head reshaping, query—key normalization, and rotary position
encoding are omitted for clarity. The output projection and feed-
forward network are likewise expert-specific. This parameteri-
zation removes direct sharing of Transformer transformations
among the three capabilities but does not specify which streams
may exchange information. UniDriveVLA therefore implements
Masked Joint Attention by imposing a directed visibility mask
on MoT joint attention for the Understanding, Perception,
and Action streams. For R € {Q, K, V}, the expert-specific
representations are concatenated along the token dimension,
after which joint attention is computed as

R; = [RlUvRF,RzA} ) R e {Q,va}a
KT 4
7 — Softmax(Ql ! +Ml) V.. )
Vdy

Following the order of Understanding, Perception, and Action,
the expert-level visibility relation is

U+U X X
P+U P<+P X
AU AP A+A

Rows identify query experts and columns identify key—value
experts. The notation g <— h indicates that expert g can attend to

V= 5)
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Fig. 2: Architecture overview of UniDriveVLA. UniDriveVLA realizes expert specialization with controlled interaction by
assigning understanding, perception, and action to dedicated Transformer experts and coordinating their token streams through
Masked Joint Attention. The three pathways produce a Chain-of-Causation, structured perception outputs, and a future trajectory.

expert h, whereas x denotes blocked interaction. The additive
mask M; in Eq. (4) instantiates this relation at the token
level: blocked entries are assigned —oo, while permitted entries
retain the corresponding causal and padding constraints. The
Understanding Expert first generates the Chain-of-Causation
reasoning sequence without accessing subsequent Perception
or Action states. Its hidden states then condition Perception,
while Action integrates both semantic and spatial evidence.

After joint attention, Z; is partitioned at the original
stream boundaries as Z; = [Z[;ZF;Z#]. Bach segment
is then updated by the output projection, residual pathway,
normalization, and feed-forward network of its corresponding
expert. This design disentangles parameter specialization from
information access: each capability retains its own transfor-
mations, while information follows the directed hierarchy
U—P and {U,P} — A. It reduces direct competition among
heterogeneous objectives.

C. ReSPECT: Reasoning-Preserving Spectral Regularization

Expert specialization mitigates competition across task
pathways, but the transformations of the pretrained VLM
are still altered by driving-specific updates. ReSPECT retains
the standard low-rank parameterization of LoRA [67] and
introduces a normalized bilateral spectral regularizer that
discourages update energy from concentrating in the domi-
nant input and output singular subspaces of the pretrained

transformation [68], [69]. For a frozen pretrained linear weight
‘W, the adapted transformation is

W =W, + AW, (6)

where r and o denote the LoRA rank and scaling factor,
respectively, and only the low-rank factors A and B are
optimized.

To measure the components of AW associated with the
dominant singular directions of the pretrained transformation,
we decompose Wy = UXV ' and retain its leading k left
and right singular vectors Uy, and V. These vectors span the
dominant output and input subspaces of Wy, respectively. The
corresponding update components are

AWV, = WV} — WV,
U/ AW =U] W - U/ W,.

The term AWV, measures the update response to the
dominant input directions, whereas UZAW measures the
update projected onto the dominant output subspace. Their
squared Frobenius norms quantify the update energy associated
with these two pretrained subspaces.

For each adapted layer [, ReSPECT penalizes these subspace-
associated energies relative to the total update energy:

AW = 2BA,
T

N

2
HAWsz,lHiw + HU;ZAWlHF
INAFEE

where € > 0 is a small constant for numerical stability. The
denominator normalizes the sum of the two subspace-associated

RReSPECT —
I =

o (8



energies by the total update energy. Apart from ¢, the ratio
is invariant to rescaling AW,. ReSPECT therefore penalizes
the relative concentration of update energy in the dominant
pretrained subspaces rather than the overall update magnitude.

The layer-wise penalties are incorporated into the unified
training objective as

Liotal = Lioint + Z Brm Z R?eSPECT7

meP lESm

&)

where P denotes the selected pretrained components, S,
contains their adapted linear layers, and 3, > 0 controls the
corresponding regularization strength. The singular subspaces
are computed once from the frozen pretrained weights and
remain fixed throughout adaptation. Unlike norm regularization,
which penalizes update magnitude, ReSPECT discourages low-
rank updates from concentrating their energy in the dominant
input and output singular subspaces. It is designed to retain
pretrained semantic capabilities without removing the capacity
for driving-specific learning. The regulated transformations pro-
duce Understanding states that subsequently provide semantic
context for the Perception and Action Experts.

D. Sparse Spatial Perception and Action Planning

To avoid the representation mismatch caused by directly
integrating explicit 3D features into a pretrained VLM [18],
[19], UniDriveVLA constructs query-based sparse states from
multi-scale 2D VLM features within the Perception Expert [26],
[70].Through Masked Joint Attention, the Understanding states
provide semantic context to the sparse Perception states, which
the Action Expert then uses to condition trajectory generation.

Let G, = {det, map, ego, mot} denote the sparse percep-
tion tasks. For g € G, let qg; denote the i-th task-specific
query with geometric reference a, ;. Its spatial representation
is

Sg.i =T, + Ay (F;T(ag)), (10)

where II projects each geometric reference onto the image
planes and A, aggregates the corresponding evidence from the
multi-scale VLM features F. Before feature aggregation, sparse
queries interact with their temporal states and with queries from
other perception tasks, yielding q, ;. Occupancy is excluded
from G, because its latent queries do not carry explicit
geometric references. Between refinement stages, the resulting
sparse states and occupancy states jointly form HY and are
contextualized by HY through Masked Joint Attention. The
contextualized sparse states retain their geometric references
and continue through task-specific refinement to produce
structured predictions without constructing a dense BEV grid,
while the occupancy states are decoded using the pretrained
Occ-VAE from DOME [71].

For action planning, the Action Expert integrates semantic
context from the Understanding states HY and spatial evidence
from the Perception states HY into the action stream through
Masked Joint Attention, producing action states H* for trajec-
tory generation. The action stream contains noised trajectory
tokens obtained by interpolating between normalized future ego
displacements and Gaussian noise under standard conditional
flow matching [72]. The action stream also contains a status

token encoding navigation and ego status and an ego-history
token encoding recent motion.

Following [73], we additionally supervise the reconstructed
ego trajectory in metric coordinates:
2

. (11)
2

Here, Lry applies Min-SNR weighting to the velocity-
matching objective, balancing supervision across noise lev-
els. The coefficient A, weights waypoint supervision. The
metric trajectory ﬁraj is reconstructed by recovering clean
displacements from the predicted flow, then denormalizing and
accumulating them.

The capability-level objective in Eq. (2) is instantiated with
Chain-of-Causation (CoC) supervision [8] for Understanding,
structured detection, mapping, ego-status, motion, and occu-
pancy supervision for Perception, and Eq. (11) for Action.
These objectives supervise each expert in its native output space,
while Masked Joint Attention governs information exchange
among them.

»Cact = ACFM + )\wp Hﬂraj - Ttraj

E. UniDriveVLA-Flash: Efficient End-to-End Inference

UniDriveVLA incurs inference cost from visual-prefix at-
tention and iterative action sampling. UniDriveVLA-Flash
preserves expert specialization and reduces costs through visual
token compression, perception-conditioned modulation, and
learnable action queries.

UniDriveVLA-Flash compresses visual tokens for the Under-
standing Expert with VisionZip [74], while retaining pre-merger
features for the Perception Expert. For perception-conditioned
adaptive normalization (AdaNorm), the first-stage Perception
states HY _ are pooled by group, concatenated, and projected

pre

into vp and Bp:

H) = H) +~p © LN(H}) + Bp. (12)

The broadcast parameters modulate the initial Action to-
kens H{}, transferring spatial evidence without token-level
Perception-to-Action attention.

Learnable action queries replace the noised trajectory to-
kens used in flow matching [72], eliminating iterative ODE
integration at inference. The Action Expert F conditions the
modulated Action tokens HOA on the Understanding states HY,
and the action decoder D, predicts normalized displacements
in one pass:

H” = Fa (ﬁg; HU> . AT =D, (HY.  (13)
The predicted displacements are denormalized and accumulated
into Ti;5. Runtime acceleration further uses TF32, SDPA,

torch.compile, CUDA Graphs, and TensorRT.

IV. EXPERIMENTS

Our experiments examine whether UniDriveVLA improves
spatial perception without compromising semantic reasoning.
We then assess whether this balance is reflected in accurate
and reliable planning across diverse driving conditions. Con-
trolled ablations investigate how the proposed design choices
affect spatial perception, semantic reasoning, and planning.
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Fig. 3: Architecture and efficiency of UniDriveVLA-Flash. (a) A streamlined inference pathway combines visual token
compression, perception-conditioned action modulation, and learnable action queries. (b) Cumulative latency profiling shows
the latency reductions from successive architectural and runtime optimizations.

Qualitative analyses contrast successful driving behaviors with
residual failure modes, clarifying the scope and limitations of
the model.

A. Experimental Setup

1) Implementation Details: We instantiate 2B UniDriveVLA-
Base and 8B UniDriveVLA-Large from Qwen3-VL [13], retain-
ing its vision encoder, projector, and language model as the Un-
derstanding Expert and adding Perception and Action Experts.
Unless otherwise specified, results use UniDriveVLA-Base.
We additionally evaluate UniDriveVLA-Large on nuScenes
and understanding benchmarks. For each input view resized
to 960 x 544, the vision encoder provides 34 x 60 pre-merger
features to the Perception Expert, while the projector produces a
17x 30 token grid for the Understanding Expert. The Perception
Expert uses 900 detection queries and 100 map queries with
K-means anchors, one ego query with a fixed ego anchor, six
motion queries per detected agent with K-means trajectory
anchors selected by agent class, and 625 randomly initialized
learnable occupancy queries. The Action Expert receives noisy
trajectory tokens together with a token that combines navigation
and ego status. UniDriveVLA predicts six ego waypoints at
intervals of 0.5s over a 3s planning horizon, while the motion
head predicts six trajectory modes over 6s on nuScenes and
3s on Bench2Drive.

Following ReCogDrive [9], Stage 1 fine-tunes the Un-
derstanding Expert for three epochs at 4 x 107> on a 3:7
mixture of driving-specific data and general-domain data
from FineVision [84]. Driving-specific CoC annotations are
generated using Alpamayo 1.5 [8]. Stage 2 jointly trains
the Perception and Action Experts while adapting the Un-
derstanding Expert’s vision encoder, projector, and language-
model LoRA parameters. This stage runs for 20 epochs on
nuScenes and 10 on Bench2Drive using AdamW [85] with
cosine annealing, a 2 X 10~* base learning rate for the
added experts, and a 0.5x learning-rate multiplier for the
trainable Understanding-Expert parameters. Beginning in Stage
2, the Action Expert is optimized with flow matching, where

normalized ego displacements are linearly interpolated with
standard Gaussian noise at times sampled from a rescaled
Beta(1.5,1.0) distribution over [0.001, 1]. Following Hybrid-
Planner [73], the planning loss combines Min-SNR-weighted
flow-velocity MSE (v = 5) with waypoint MSE weighted
by 0.5, restricting gradients through cumulative integration to
the three most recent displacement steps. For Understanding-
Expert adaptation, UniDriveVLA-Base and UniDriveVLA-
Large use LoRA [67] with (r,a) = (64, 128) and (128, 256),
respectively, and a spectral rank of £ = 16. ReSPECT uses
(Bvis, Bm) = (0.010,0.003) for Base and (0.005,0.003) for
Large, while the projector retains standard LoRA. Stage 3
freezes the Understanding Expert and fine-tunes the Perception
and Action Experts at 1 x 10~ for 10 epochs on nuScenes and
5 on Bench2Drive, with motion-forecasting supervision enabled
for the Perception Expert. Across all three stages, training is
distributed across 16 NVIDIA H20 GPUs using DeepSpeed
with BF16 precision. Unless otherwise specified, all results are
reported using the Stage-2 checkpoint, while Tab. IIT uses the
complete Stage-3 checkpoint.

At inference, ten Euler steps integrate the Action Expert’s
vector field, after which the predicted displacements are
denormalized and accumulated to recover the ego trajectory.
In Bench2Drive, the evaluation agent tracks the predicted
trajectory at 20 Hz in synchronous CARLA using separate
lateral and longitudinal proportional-integral-derivative (PID)
controllers. For NeuroNCAP, the predicted trajectories are
executed by the benchmark-provided linear-quadratic regulator
(LQR).

2) Evaluation Benchmarks:

Understanding. FidelityDrivingBench assesses scene de-
scription (SD), traffic question answering (T-QA), noteworthy-
object perception and reasoning (NoPR), and knowledge
retention rate (KRR), while LingoQA [94] evaluates driving-
oriented visual question answering. MMStar [95], MMMU [96],
RealWorldQA (RWQA), AI2D, MME [97], VLMsAreBlind
(VAB) [98], and ChartQA [99] measure retained general
multimodal capability.



TABLE I: Closed-loop and multi-ability results on Bench2Drive [75]. Eff., Comf., SR, and DS denote Efficiency, Comfort,
Success Rate, and Driving Score, respectively. * denotes privileged feature distillation, and °© marks the vision-only TFv6 setting.

Bold indicates the best result in each column.

Training Data ‘

Closed-loop Metrics T |

Multi-Ability Test (%) 1

Method

\ Eff. Comf. SR DS \Merge Overtake Brake Give Way Sign Mean
UniAD-Base [6] Think2Drive |129.21 43.58 16.36 45.81| 14.10 17.78  21.67 10.00 1421 15.55
VAD [7] Think2Drive | 157.94 46.01 15.00 42.35| 8.11 2444  18.64 20.00 19.15 18.07
MomAD (SD) [76] Think2Drive |174.91 51.20 18.11 4791 | 13.21  21.02  18.01 20.00 21.07 18.66
ThinkTwice™ [77] Think2Drive 69.33 16.22 31.23 62.44| 27.38 1842 3582  50.00 54.23 37.17
DriveAdapter™ [78] Think2Drive 7022 16.01 33.08 64.22| 28.82 2638 4876  50.00 56.43 42.08
DriveTransformer-L [79] Think2Drive |100.64 20.78 35.01 63.46| 17.57 35.00 4836  40.00 52.10 38.60
ReCogDrive [9] Think2Drive |138.18 17.45 45.45 71.36| 29.73  20.00 69.09  20.00 71.34 42.03
DriveMoE [23] Think2Drive |175.96 15.31 48.64 74.22| 34.67 40.00 6545 40.00 59.44 4791
ORION [12] Think2Drive | 151.48 17.38 54.62 77.74| 25.00  71.11 7833  30.00 69.15 54.72
AutoVLA [10] PDM-Lite 146.93 39.33 57.73 78.84| - - - - - -
SimLingo [30] PDM-Lite 259.23 33.67 67.27 85.07| 54.01 57.04 8833 5333 8245 67.03
R2SE [80] PDM-Lite 243.89 23.26 69.54 86.28| 53.33  61.25 90.00 50.00 84.21 67.76
BridgeDrive [81] PDM-Lite 236.49 20.98 74.99 87.99| 69.92  66.67 90.00 50.00 89.47 73.15
LinkVLA [82] PDM-Lite 255.84 34.62 74.55 91.01| 60.00 80.00 93.33 50.00 83.68 73.40
TFv6° [83] LEAD - - 7950 91.60| - - - - - -
UniDriveVLA-Base Think2Drive |198.86 11.78 51.82 78.37| 38.75  80.00 50.00  30.00 5895 51.53
UniDriveVLA-Base LEAD 200.27 26.64 87.16 94.50| 80.77 84.44 88.33  50.00 91.40 78.99

Perception. The nuScenes validation set [100] evaluates 3D
detection, online mapping, and motion forecasting.

Planning. We evaluate open-loop planning on nuScenes un-
der the ST-P3 [86] and UniAD [6] conventions and closed-loop
driving on Bench2Drive [75] across five ability categories. Neu-
roNCAP [101] tests three safety-critical collision configurations,
while Fail2Drive [102] evaluates closed-loop generalization on
100 matched route pairs covering in-distribution and long-tail
scenarios.

3) Evaluation Metrics: FidelityDrivingBench [103] reports
SD, T-QA, NoPR, and KRR. LingoQA reports Lingo-Judge,
and general benchmarks use official aggregate scores.

On nuScenes, detection uses mean average precision (mAP)
and the nuScenes detection score (NDS), while mapping uses
class-wise average precision (AP) and mAP averaged over
0.5, 1.0, and 1.5 m Chamfer thresholds. Motion forecasting
reports minimum average displacement error (minADE) and
minimum final displacement error (minFDE) across six 12-step
modes spanning 6 s at 2 Hz. Planning reports L2 error and
collision rate at 1, 2, and 3 s and their means. ST-P3 averages
0.5-s steps through each horizon, whereas UniAD evaluates
the corresponding endpoint.

Bench2Drive reports Success Rate (SR), Driving Score (DS),
Efficiency, Comfort, and five ability-specific success rates. Its
principal metrics are

N, 1
= J

Here, N is the route count, Ngyccess counts infraction-free
on-time completions, RC; is route-completion percentage, and
D;,; penalizes infraction j on route 4.

NeuroNCAP reports collision rate and the following five-star
score:

5, if no collision,

Sncap = v; .
4max( 0,1 — =2}  otherwise.
Uref

15)

Here, vjnp, is relative impact speed and v, its no-intervention
reference.

Fail2Drive reports Driving Score (DS), Success Rate (SR),
and their harmonic mean (HM) on paired in-distribution and
generalization splits:

2DSSR
DS + SR’
The paired routes preserve the driving context while introduc-

ing a targeted distribution shift, allowing the corresponding
performance degradation to be measured directly.

HM = (16)

B. Quantitative Results

a) Experiments on the Bench2Drive Benchmark: Tab. 1
summarizes closed-loop performance and fine-grained driving
abilities on Bench2Drive. Under Think2Drive supervision,
UniDriveVLA achieves the highest Efficiency and Driving
Score of 198.86 and 78.37, respectively, while ranking first in
merging and overtaking with 38.75% and 80.00%. Training
on the higher-quality LEAD expert data further raises the
Success Rate to 87.16% and the Driving Score to 94.50,
outperforming TFv6 by 7.66 and 2.90 points, respectively. The
mean multi-ability score concurrently increases from 51.53%
to 78.99%, showing that UniDrive VLA effectively translates
stronger expert supervision into more reliable planning and
interactive driving.



TABLE II: Open-loop planning results on nuScenes under the ST-P3 [86] and UniAD [6] evaluation protocols. We report L2
error and collision rate at 1, 2, and 3 s and their averages, with and without ego-state input. Bold metric values indicate the

best result within each setting. ¥ denotes SparseDrive results re-evaluated under the GPT-Driver protocol [87].

ST-P3 metrics

UniAD metrics

Method L2 (m) | Collision (%) | L2 (m) | Collision (%) | LLM
1s 2s 3s Avg. Is 2s 3s Avg. ‘ Is 2s 3s Avg. 1s 2s 3s Avg.
Methods with Ego-State Input
ST-P3 [86] 133 211 290 211 023 0.62 127 071 - - - - -
VAD [7] 0.17 034 060 037 004 027 067 033 - - - - - - - - -
UniAD [6] - - - - - - - - 020 042 075 046 002 025 084 037 -
RDA-Driver [88] 0.17 037 069 040 001 0.05 026 0.10 | 023 073 154 080 0.00 0.13 083 032 LLaVA-7B
BEV-Planner [89] 0.16 032 057 035 0.00 029 073 0.34 - - - - - - - - -
HPP [90] 026 037 059 040 0.02 005 0.1 0.6 | 030 061 115 072 0.03 007 035 0.5 -
OmniDrive [19] 014 029 055 033 000 0.13 078 030 - - - - - - - - LLaVA-7B
ORION [12] 0.17 031 055 034 005 025 080 0.37 - - - - - - - - LLaVA-7B
FSDrive [22] 0.14 025 046 028 003 006 021 0.10 | 0.18 039 077 045 0.00 0.06 042 0.16 Qwen2-VL-3B
AutoVLA [10] 025 046 073 048 0.07 007 026 0.13 | 033 081 145 086 0.08 011 0.85 0.35 | Qwen2.5-VL-3B
OpenDriveVLA [18] 014 030 055 033 002 007 022 0.10 | 019 058 124 067 0.02 018 070 0.30 | Qwen2.5-VL-3B
UniDriveVLA-Base 019 032 053 035 003 004 0.14 0.07 | 023 0.56 0.63 0.00 0.07 040 0.16 Qwen3-VL-2B
UniDriveVLA-Large 0.19 032 053 035 0.03 005 010 0.06 | 024 0.5 063 0.00 0.05 028 0.11 Qwen3-VL-8B
Methods without Ego-State Input
VAD [7] 041 070 1.05 072 003 0.19 043 0.21 - - - - - - - - -
UniAD [6] 045 070 1.04 073 0.62 058 063 061 | 059 1.01 148 103 0.16 051 164 0.77 -
ELM [91] - - - - - - - - 034 123 257 138 012 050 236 099 BLIP2-2.7B
OccWorld [92] 039 073 118 077 0.1 019 067 032 | 052 127 241 140 0.12 040 2.08 0.87 GPT3-like
BEV-Planner [89] 030 052 083 055 0.10 037 130 0.9 - - - - - - - - -
HPP [90] 041 061 08 063 003 0.08 024 012 | 048 091 154 097 003 0.17 068 029 -
SparseDrive! [26] 028 053 084 055 003 0.5 015 0.08 | 038 092 166 099 002 0.08 053 021 -
OmniDrive [19] 040 0.80 132 084 0.04 046 232 094 - - - - - - - - LLaVA-7B
FSDrive [22] 028 052 080 053 006 013 032 0.17 | 040 0.89 160 096 0.07 012 1.02 040 Qwen2-VL-3B
UniDriveVLA-Base 026 048 077 050 0.2 007 023 O0.I1 | 034 084 154 091 0.00 017 0.63 027 Qwen3-VL-2B
UniDriveVLA-Large 026 047 0.75 049 004 010 025 0.13 | 0.34 0.82 148 088 005 022 0.67 031 Qwen3-VL-8B

TABLE III: Comparison of detection, mapping, and motion prediction performance on the nuScenes validation dataset.

Method Detection Map Motion
mAPT NDST APpeqd T APgivider T APboundary T mAPT minADE(m) | minFDE(m) |

UniAD [6] 0.380 0.498 - - - - 0.710 1.020
VAD [7] 0.276  0.397 0.406 0.515 0.506 0.476 - -
SparseDrive-S [26] 0418  0.525 0.499 0.570 0.584 0.551 0.620 0.990
EgoFSD-S (PV) [93] 0.410 0.528 0.549 0.557 0.573 0.560 - -
HiP-AD [70] 0424 0.535 - - - 0.571 0.610 -
UniDriveVLA-Base 0.405 0.466 0.361 0.458 0.480 0.433 0.801 1.300
UniDriveVLA-Large 0.414 0.483 0.382 0.432 0.472 0.429 0.842 1.415

b) Planning Results on the nuScenes Benchmark: Tab. 11
presents a comprehensive comparison of end-to-end trajectory
planning performance on nuScenes under the ST-P3 and UniAD
evaluation protocols. Overall, UniDriveVLA-Large attains the
lowest trajectory errors without ego-state input and matches or
improves the best prior collision rates with ego-state input. In
particular, under the more challenging setting without ego-state
input, UniDriveVLA-Large attains the lowest average L2 errors
of 0.49m and 0.88 m under ST-P3 and UniAD, outperforming
FSDrive by 0.04 m and 0.08 m, respectively. In the setting with
ego-state input, UniDriveVLA-Large matches the best ST-P3
average collision rate of 0.06% and reduces the best prior
UniAD average collision rate from 0.15% to 0.11%. The gains
are most pronounced in trajectory accuracy without explicit
ego-state input.

c) Perception Results on the nuScenes Benchmark:
Beyond planning, we evaluate the spatial perception capabilities

of UniDriveVLA on the nuScenes validation set. As shown
in Tab. III, UniDriveVLA-Large achieves a detection mAP
of 0.414 and an NDS of 0.483, outperforming VAD by
0.138 and 0.086, respectively. Across its two model scales,
UniDrive VLA further supports mapping and motion prediction,
with UniDriveVLA-Base obtaining a map mAP of 0.433 and
motion-prediction errors of 0.801m minADE and 1.300m
minFDE. These results demonstrate that UniDriveVLA provides
explicit spatial modeling across detection, mapping, and motion
prediction while jointly supporting semantic understanding and
action planning.

d) Driving-Oriented Understanding: As shown in Tab. IV,
UniDriveVLA remains competitive on FidelityDrivingBench,
with particularly strong T-QA and NoPR results, and achieves
the highest Lingo-Judge score of 75.2, surpassing the closest
competitor by 6.0 points. These results show that UniDriveVLA
maintains driving-oriented semantic competence while jointly



TABLE IV: Driving-oriented understanding on Fideli-
tyDrivingBench and LingoQA. FidelityDrivingBench
baseline results are taken from [103].

TABLE V: General multimodal understanding of general-purpose VLMs
and VLA models. Gray rows denote general-purpose VLMs, and bold
marks the best VLA result in each column.

Method FidelityDrivingBench LingoQA Model General Multimodal Benchmarks
SDT T-QAT NoPRT KRR?T L-Judget MMStart MMMUT RWQA?T AI2DT MME?T VAB?T ChartQAT

InternVL3 (8B) [14] 668 424 55.2 - - GPT-5 Nano [107] 41.3 57.6 60.7 65.7 - 40.2 48.6
Qwen2.5-VL (7B) [104] 65.1 310 477 - - Qwen2.5-VL (7B) [104] 63.7 51.1 69.0 82.5 2317 40.3 82.5
LLaVA-OV (7B) 63.7 359 433 - - Qwen3-VL (8B) [108] 63.0 52.8 69.0 83.2 2364 61.9 83.8
ReCogDrive (8B) [9] 65.0 455 413 74.0% 67.2 InternVL3 (8B) [14] 69.1 54.8 67.8 83.9 2393 42.0 86.6
ImpromptuVLA (7B) [105] 60.8  46.3 322 675% - ReCogDrive (8B) [9] 53.7 46.2 315 759 2156 11.9 56.9
RoboTron-Drive [106] 619 282 30.7 - 69.2 ChatVLA (2B) [109] 44.6 37.7 57.9 66.5 1860 27.4 65.1
WiseAD [27] 478 19.8 52 30.0% 60.4 0.5 (2B) [50] 24.7 243 40.0 31.7 1264 8.9 6.7
Mini-Intern-BDDX 51.1 338 198  53.5% - Alpamayo (8B) [8] 10.2 24.6 3.8 0.0 0 0.3 0.0
UniDriveVLA (8B) 579 423 323 483% 75.2 UniDriveVLA (8B) 49.4 47.2 53.7 71.3 1876 29.6 65.7

TABLE VI: Closed-loop safety evaluation under the original
NeuroNCAP protocol [101]. We report NeuroNCAP Score
(NS) and Collision Rate (CR, %).

TABLE VII: Closed-loop evaluation on the 100 matched route
pairs of Fail2Drive [102]. We report Driving Score (DS), Success
Rate (SR), and their harmonic mean (HM).

Method Stationary  Frontal Side Average Method In-Distribution Generalization

NSt CR| NSt CR| NST CR| NSt CR| DSt SR (%)t HM1 DSt SR (%)t HM1
UniAD [6] 0.84 87.8 0.10 984 126 79.6 0.73 83.6 TCP [114] 24.7 39.1 30.3 24.5 31.4 27.5
ImpromptuVLA [105] 255 548 1.86 72.8 1.78 67.6 2.06 65.1 UniAD [6] 47.5 36.3 41.2 44.0 27.6 33.9
Reasoning-VLA7p 4 [110] 206 579 233 574 217 640 2.19 59.8 ORION [12] 53.0 52.0 52.5 51.2 46.0 48.5
VaVAM [56] 3.13 472 267 50.0 2.07 60.8 2.62 52.7 HiP-AD [70] 74.1 70.7 72.4 67.1 56.7 61.5
PrismADpiffusionDrive [111] 431 21.8 228 752 3.25 352 328 44.1  SimLingo [30] 82.6 79.3 80.9 71.7 55.0 62.2
ColaVLA [112] 354 323 316 51.6 375 264 348 36.8  AlignDrive [115] 76.0 80.0 78.0 71.4 62.0 66.4
ImagiDrive-Sinternvi2.5 [113] 4.15 33.8 245 740 3.88 268 349 449 TFv5[116] 833 78.5 80.8 75.4 61.1 67.5
UniDriveVLA-Base 489 22 459 98 500 00 4.83 4.0  UniDriveVLA-Base 85.80 85.0 85.40 76.37 68.0 71.94

learning spatial perception and action planning.

e) General Visual Capabilities: A key challenge in
driving-oriented adaptation is preserving the general multimodal
capability of the foundation model. As shown in Tab. V,
UniDriveVLA achieves the strongest results among the evalu-
ated VLA models on MMMU (47.2), VLMsAreBlind (29.6),
and ChartQA (65.7), while ranking second on the remaining
four benchmarks. Although performance decreases relative to
the Qwen3-VL-8B base model after driving adaptation, this
broad performance profile indicates that UniDriveVLA retains
meaningful general multimodal competence.

C. Robustness and Generalization

To further assess the robustness and generalization of
UniDriveVLA in realistic closed-loop driving scenarios, we
evaluate its safety-critical performance on NeuroNCAP and its
response to long-tail scenario shifts on Fail2Drive.

a) Safety-Critical Robustness: As shown in Tab. VI,
UniDriveVLA achieves the highest NeuroNCAP Score and the
lowest collision rate in all three scenario categories, yielding
averages of 4.83 and 4.0%, respectively. Compared with the
prior best average score of 3.49 from ImagiDrive-S and the
prior lowest average collision rate of 36.8% from ColaVLA,
UniDriveVLA improves the score by 38.4% and reduces the
collision rate by 89.1%, bringing the latter down by nearly an
order of magnitude. Its collision rate is 2.2% for stationary
encounters and 9.8% for frontal encounters, while no collision
is recorded in side encounters. The consistent advantage across
all three interaction types demonstrates robust closed-loop
behavior in safety-critical scenarios.

b) Generalization under Long-Tail Scenario Shifts: As
shown in Tab. VII, UniDrive VLA obtains DS, SR, and HM
scores of 85.80, 85.0, and 85.40 on the in-distribution split
and 76.37, 68.0, and 71.94 on the generalization split. Under
the long-tail scenario shifts, it surpasses TFv5 by 0.97, 6.9,
and 4.44 points in DS, SR, and HM, respectively. These results
show that UniDriveVLA maintains strong closed-loop driving
performance across both evaluation splits.

D. Ablation and Mechanism Analysis

a) Effect of MoT Decoupling: Tab. VIII compares the
MoT-based architecture with a shared-weight decoder under the
same training protocol. The MoT-based configuration raises
LingoQA from 60.0 to 74.2, detection NDS from 0.437 to
0.466, and map mAP from 0.407 to 0.433, demonstrating con-
current gains in semantic understanding and spatial perception.
It also improves closed-loop safety, increasing the NeuroNCAP
Score from 3.45 to 4.83 and reducing the collision rate from
31.1% to 4.0%. Together, these results show that the MoT-
based design achieves a stronger cross-task balance than the
shared-weight baseline under the evaluated protocol.

b) Ablation of Perception Components: Tab. IX examines
how progressively incorporating outputs from the Perception
Expert affects closed-loop safety, with open-loop L2 error
included for reference. The ego-status component improves
open-loop accuracy but degrades closed-loop safety, showing
that open-loop trajectory error alone does not fully characterize
closed-loop safety. Adding detection reverses this trend, increas-
ing the NeuroNCAP Score from 3.60 to 3.94 and reducing the
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Fig. 4: Qualitative closed-loop comparison on NeuroNCAP. Each group shows UniDriveVLA (top) and ImpromptuVLA
(bottom) in stationary, frontal, or side collision configurations. Colored curves visualize ego plans, cyan curves show reference
routes, and red annotations mark collisions in the displayed ImpromptuVLA rollouts.

TABLE VIII: Comparison between a shared-weight decoder and Mixture-of-Transformers (MoT) in UniDriveVLA-Base
across understanding, perception, and planning. General VQA averages seven multimodal benchmarks. LingoQA measures
driving-oriented understanding, perception metrics are reported on nuScenes, and planning metrics on NeuroNCAP.

| Perception | Planning

| General VQA (%) T LingoQA (%) T | Det (NDS) 1+ Map (mAP) T | NS1T CR (%) |

Architecture | Understanding
Shared-Weight Decoder 49.18 60.0
Mixture-of-Transformers 50.62 74.2

3.45
4.83

31.1
4.0

0.407
0.433

0.437
0.466

TABLE IX: Cumulative ablation of perception components
in UniDriveVLA-Base. We report L2 error on nuScenes and
NeuroNCAP Score (NS) and Collision Rate (CR, %).

TABLE X: Component-wise ReSPECT coefficient ablation
on UniDriveVLA-Base (r = 64, o = 128). We report Lingo-
Judge, nuScenes perception, and NeuroNCAP safety.

Components Open-loop Closed-loop
Base Ego Det Map Occ Motion Lo (m) | NS 1+ CR |
v 0.59 3.86 25.1
v v 0.56 3.60 28.1
v v v 0.49 3.94 227
v v v v 0.51 4.04 19.8
v v v v v 0.50 4.83 4.0
' ' v v v v 0.52 4.81 4.5

Method Coefficient Understanding Perception Planning
Bvis Pum  L-Judge ©  Det NDS 1 Map mAP 1+ NS 1 CR (%) |
LoRA - - 66.8 0.461 0.424 4.09 18.8
ReSPECT 0.010 0.001 69.6 0.470 0.457 4.08 18.6
ReSPECT 0.010 0.003 74.2 0.466 0.433 4.83 4.0
ReSPECT 0.030 0.003 70.4 0.479 0.465 4.47 11.3

collision rate from 28.1% to 22.7%, while achieving the lowest
L2 error of 0.49. Mapping further raises the score to 4.04 and
lowers the collision rate to 19.8%. Occupancy provides the
largest incremental gain, reaching a score of 4.83 and a collision
rate of 4.0% while retaining a near-best L2 error of 0.50.
Adding motion forecasting yields similar but slightly lower

closed-loop safety metrics, indicating no further gain under this
setting. Together, these results show that detection, mapping,
and occupancy progressively strengthen closed-loop safety,
with occupancy contributing the most substantial improvement.

c) Effect of ReSPECT: Tab. X examines how the
component-wise ReSPECT coefficients affect semantic under-
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Fig. 5: Qualitative closed-loop planning on Fail2Drive. Camera observations and bird’s-eye-view predictions are shown under
(1) animal, (2) bad parking, and (3) construction pedestrian. Red-to-yellow curves indicate ego plans, while blue boxes denote

surrounding traffic agents.

standing, spatial perception, and closed-loop safety. Relative
to standard LoRA, (Bvis, BLm) = (0.010,0.003) raises Lingo-
Judge from 66.8 to 74.2 and the NeuroNCAP Score from
4.09 to 4.83, while reducing the collision rate from 18.8%
to 4.0% and improving both perception metrics. With the
counterpart coefficient fixed, the higher tested Sp\ yields a
higher Lingo-Judge score, whereas the higher tested [vy;s yields
higher perception scores. Among these settings, the selected
coefficients achieve the best Lingo-Judge and closed-loop safety
while maintaining perception above standard LoRA.

E. Efficiency and Deployment

Despite their strong multimodal capabilities, the substantial
inference cost of large-scale VLA models remains a major
obstacle to real-time deployment in autonomous driving. We
therefore reduce computation in visual processing and action
decoding and accelerate the resulting computation graph at
runtime. At the model level, we apply VisionZip [74] to select

TABLE XI: Inference efficiency and planning performance of
UniDriveVLA-Flash on NVIDIA H100. Each row includes all
preceding optimizations. ST-P3 reports average L2 error (m)
/ collision rate (%) without ego-status inputs. T denotes the
complete UniDriveVLA-Flash configuration.

Configuration Inference Planning
Latency] Hzt Speedupt ST-P3]
UniDriveVLA-Base 0.761s 131 1.00x 0.50/0.11
Model-level
+ Visual token compression 0.651s 154 1.17x 0.50/0.13
+ Perception modulation 0.599s 1.67 127x 0.58/0.15
+ Learnable action queries 0290s 345 2.63x 0.55/0.15
Runtime-level
+ TF32 + SDPA 0.252s 397 3.02x 0.54/0.14
+ Torch Compile + CUDA Graphs 0.169s 592  4.50x 0.55/0.13
+ TensorRTT 0.096s 1040 7.91x 0.55/0.13

and merge multi-view visual tokens before they enter the
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Fig. 6: Failure cases of UniDriveVLA. The model correctly
identifies critical traffic participants and produces appropriate
Chain-of-Causation (CoC) reasoning, but the intended seman-
tics are not always translated into safe action trajectories,
occasionally resulting in collisions.

Understanding Expert, thereby shortening its input sequence.
Next, adaptive normalization uses sparse spatial representations
from the decoupled Perception Expert to modulate the action
suffix before it enters the Action Expert, preserving spatial
conditioning without increasing the sequence length. Finally,
learnable action queries support direct trajectory decoding in a
single forward pass, eliminating iterative flow-matching sam-
pling. At runtime, we enable TensorFloat-32 (TF32) arithmetic
and fused scaled dot-product attention (SDPA), reduce launch
overhead through torch.compile and CUDA Graphs, and
use TensorRT for graph-level inference optimization. The
complete configuration achieves 10.40 Hz inference on a single
NVIDIA H100, reducing end-to-end latency from 761.0 to
96.2ms and yielding a 7.91x speedup over the baseline
(Tab. XI). Thus, UniDriveVLA-Flash supports 10 Hz planning
updates while increasing the ST-P3 average L2 error by 0.05 m
and the collision rate by 0.02 percentage points.

FE Qualitative Results

We present qualitative closed-loop results on NeuroNCAP
and Fail2Drive to illustrate how UniDriveVLA responds to
safety-critical interactions and long-tail driving scenarios.

Fig. 4 presents paired rollouts of UniDriveVLA and Im-
promptuVLA across stationary, frontal, and side collision
configurations. In the displayed UniDriveVLA outputs, the
scene-level reasoning isolates the decision-relevant condition,
with representative cases involving a changing traffic signal,
a leading vehicle, a cut-in vehicle, and an entering scooter.
The corresponding trajectories proceed, maintain clearance,
or yield in accordance with the stated reasoning. By contrast,
ImpromptuVLA collides in all displayed comparison rollouts.
In these examples, the predicted trajectories are consistent with
the generated scene interpretations.

Fig. 5 further examines closed-loop planning in three
Fail2Drive long-tail scenarios: an animal entering the roadway,
an improperly parked vehicle, and a pedestrian near a construc-
tion zone. In the displayed cases, UniDriveVLA adjusts its
trajectory to the scenario-specific hazard while accounting for
surrounding traffic. Together, these examples illustrate context-
aware planning responses across distinct long-tail interactions.

V. LIMITATIONS AND FUTURE WORK

As shown in Fig. 6, although UniDriveVLA can identify
critical traffic participants and generate appropriate Chain-of-
Causation (CoC) reasoning, it does not always translate the
corresponding driving intentions into safe trajectories. Common
failures include delayed yielding, overly close following, and
insufficient lateral avoidance, which may ultimately lead to
collisions. These cases indicate a remaining alignment gap
between CoC reasoning and continuous action generation. As
model-generated supervision, the CoC annotations may contain
occasional grounding errors or incomplete causal descriptions.
Future work will improve annotation quality through grounding-
based consistency filtering and targeted human verification,
and further align reasoning with action through closed-loop
reinforcement learning.

VI. CONCLUSION

We presented UniDriveVLA, a unified Vision-Language-
Action model that integrates semantic understanding and spatial
perception for reliable action planning in autonomous driving.
UniDriveVLA assigns task-specific transformations to separate
expert pathways and coordinates the corresponding token
streams through Masked Joint Attention, while ReSPECT
regulates low-rank updates during driving-domain adaptation
to preserve pretrained semantic reasoning. Sparse spatial
states extracted from multi-scale visual features provide the
Action Expert with explicit spatial context alongside semantic
reasoning for continuous action generation. UniDriveVLA-
Flash further streamlines the architecture and runtime execution
for real-time end-to-end inference. Extensive evaluations show
that UniDriveVLA retains semantic understanding, demon-
strates strong spatial perception, and achieves leading planning
results under matched protocols in both open-loop and closed-
loop settings. Results on NeuroNCAP and Fail2Drive further
demonstrate robust closed-loop responses to safety-critical
interactions and generalization under long-tail scenario shifts,
respectively. Future work will extend UniDriveVLA toward
longer-horizon reasoning and action planning in more diverse
and interactive driving environments.
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