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Abstract

Vectorized end-to-end (E2E) autonomous driving
models predominantly rely on reactive imitation
learning. By failing to model underlying envi-
ronmental dynamics, these agents lack counter-
factual reasoning capabilities and struggle with
uncertainty in out-of-distribution (OOD) scenar-
ios. To bridge the gap between reactive imitation
and deliberative decision-making, we introduce
Reasoning-enhanced VAD (ReVAD), empower-
ing agents with a “System 2” cognitive framework
via Latent Space Search. Unlike computationally
expensive pixel-level world models, ReVAD inte-
grates a probabilistic Token Dynamics Model with
Latent Monte Carlo Tree Search to perform effi-
cient lookahead planning entirely within a sparse
semantic token space. By simulating future states
to evaluate risk and utilizing imitation policies
solely as search priors, ReVAD effectively mit-
igates the distribution shift inherent in pure im-
itation learning, demonstrating significantly im-
proved robustness and safety in high-uncertainty
environments.

1 INTRODUCTION

The paradigm of autonomous driving is currently navigating
a critical transition from modular pipelines to End-to-End
(E2E) learning. Within this domain, vectorized approaches
like VADv2 Jiang et al. [2026] have established a new
state-of-the-art (SOTA) by representing the driving scene
as sparse, instance-level tokens rather than dense rasterized
images. While this tokenization offers significant advan-
tages in inference speed and structural interpretability, the
underlying decision-making mechanism of these models
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Figure 1: Deterministic and probabilistic planning both be-
long to imitation-based System 1 paradigms, differing only
in how they represent the action distribution P (a | s), while
sharing the absence of an explicit transition model. With-
out modeling the environment dynamics P (s′ | s, a), they
cannot perform counterfactual reasoning under uncertainty.
In contrast, ReVAD integrates probabilistic token dynamics
with latent Monte Carlo Tree Search (MCTS), enabling de-
liberative planning through simulated future state evolution.

remains fundamentally rooted in Imitation Learning. Opera-
tionalizing as reflexive “System 1” agents, they approximate
the conditional distribution of expert actions given the con-
text, P (a|s), effectively maximizing likelihood on a fixed
training manifold without modeling the causal dynamics
of the environment. As illustrated in Fig. 1, both determin-
istic and probabilistic planning in current vectorized E2E
systems remain imitation-based System 1 paradigms: they
differ mainly in how they parameterize P (a | s), yet share
the absence of an explicit transition model P (s′ | s, a).

This reliance on static behavioral priors presents a severe
limitation, particularly when handling uncertainty in safety-
critical and long-tail scenarios. When varying from the ex-
pert’s average behavior or encountering out-of-distribution
(OOD) events—such as sudden occlusions or aggressive
interactions—pure imitation models lack the capacity for
counterfactual reasoning. They cannot explicitly query,
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“If I execute action a′, how will the transition dynam-
ics P (s′|s, a′) unfold?” Consequently, without an internal
world model to simulate future states and evaluate risk, these
agents are prone to making confident yet catastrophic errors
when the observation drifts from the training distribution.

To bridge the gap between reactive imitation and delibera-
tive reasoning, we propose ReVAD (Reasoning-enhanced
VAD), a vectorized driving framework equipped with Latent
Space Search. Unlike pixel-space generative world models,
which are often too costly for real-time planning and may
suffer from visual hallucinations, ReVAD performs looka-
head planning entirely in a learned Latent Token Space. This
choice follows recent progress on compact latent predictive
models for driving, including latent forecasting for E2E
planning Li et al. [2025], multiview world-model forecast-
ing Wang et al. [2024b], and world-model-based representa-
tion learning Min et al. [2024], as well as intention-aware
latent world models for multimodal planning Zheng et al.
[2025]. We argue that instance-level tokens provide an ef-
fective abstraction for planning: semantically expressive
for multi-agent interaction, yet sparse enough for efficient,
high-frequency rollouts.

The core of ReVAD is the integration of a probabilistic
Token Dynamics Model with Latent MCTS. We design a
Transformer-based dynamics model that predicts the evo-
lution of heterogeneous tokens (map elements and traffic
agents) conditioned on ego-actions. During inference, Re-
VAD utilizes the imitation policy as a prior but validates
and refines decisions through online search. This architec-
ture effectively instantiates a “System 2” reasoning process,
allowing the agent to “think before acting” by exploring
future trajectories and maximizing a comprehensive value
function that accounts for safety, compliance, and progress.
Our main contributions are summarized as follows:

• We introduce an E2E driving framework that integrates
Latent Space Search into a fully vectorized architecture,
enabling robust online planning without the computa-
tional burden of pixel-level generation.

• We develop a dynamics model capable of predicting
future token states, enabling the agent to perform coun-
terfactual analysis and collision checking in the latent
space.

• We demonstrate that supplementing imitation priors
with model-based search significantly improves robust-
ness in high-uncertainty scenarios, effectively mitigat-
ing the “distribution shift” problem inherent in pure
imitation learning.

2 RELATED WORK

E2E Driving and the Imitation Bottleneck. The tran-
sition from modular pipelines to E2E autonomous driving

has been significantly accelerated by vectorized representa-
tions. Recent SOTA frameworks, such as VADv2 Jiang et al.
[2026], utilize sparse, instance-level tokens to represent
complex driving scenes, offering substantial improvements
in inference speed and structural interpretability. However,
the decision-making core of these models predominantly re-
lies on imitation learning or Behavioral Cloning. Operating
as reactive “System 1” agents, they directly approximate the
expert’s conditional action distribution P (a | s). While ef-
fective within the training manifold, pure imitation learning
methods are notoriously susceptible to compounding errors
and covariate shift when encountering OOD scenarios Ross
et al. [2011], Codevilla et al. [2019]. Unlike our proposed
ReVAD, these approaches lack explicit transition models
and are fundamentally incapable of counterfactual reasoning
under high-uncertainty conditions.

World Models and Latent Dynamics. To address
the lack of environmental understanding in model-free
agents, predictive world models have gained traction.
Early approaches in autonomous driving focused on high-
dimensional, pixel-level video generation to simulate fu-
ture states Hu et al. [2023a], Wayve [2023]. While these
generative models provide rich visual foresight, they are
computationally intractable for high-frequency online plan-
ning and are highly prone to visual hallucinations that can
compromise safety-critical decisions. Recent advancements
in reinforcement learning have demonstrated the efficacy of
planning within abstract latent spaces Hafner et al. [2020],
Schrittwieser et al. [2020], a paradigm shift that is increas-
ingly being adopted in the latest E2E driving architectures to
model physical multi-agent interactions without the burden
of pixel rendering Zheng et al. [2025], Sun et al. [2025].
Building upon this philosophy, ReVAD avoids pixel-level
reconstruction entirely. Instead, it introduces a probabilistic
Token Dynamics Model that explicitly learns the transition
function P (s′ | s, a) directly within a sparse semantic token
space.

Deliberative Planning and System 2 Reasoning. The in-
tegration of planning algorithms with learned neural priors
has led to breakthrough performances in complex decision-
making domains, famously instantiated by MCTS in Alp-
haZero and MuZero Silver et al. [2017], Schrittwieser et al.
[2020]. In the context of autonomous driving, purely deter-
ministic planning often fails to account for the stochastic na-
ture of human drivers. Consequently, cutting-edge research
in 2025 has surged towards dual-system cognitive archi-
tectures Hamdan et al. [2025] and the integration of tree-
search algorithms for safe urban navigation Momchil et al.
[2025]. ReVAD comprehensively extends this paradigm by
embedding Latent MCTS into a fully vectorized driving
architecture. By utilizing the imitation learning policy as
an action prior rather than a definitive oracle, ReVAD dy-
namically explores simulated future trajectories, effectively
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Figure 2: Overall architecture of ReVAD. ReVAD streams
multi-view images, tokenizes them into map/agent/ego to-
kens, and proposes candidate actions via a prior policy. A
latent MCTS planner simulates and scores actions with a
probabilistic dynamics model, collision check, and value
network, then outputs an action distribution and samples one
for control. Demonstrations and scene constraints supervise
training.

formalizing a deliberative “System 2” cognitive process that
maximizes safety and utility through online counterfactual
risk assessment.

3 REVAD

To bridge the gap between reactive imitation learning (Sys-
tem 1) and deliberative reasoning (System 2) in E2E au-
tonomous driving, we propose the ReVAD framework, as
shown in Fig. 2. In this section, we detail the underlying
mathematical formulations and network architectures of
ReVAD. We first formalize the driving decision-making
process as a Partially Observable Markov Decision Process
(POMDP) in a latent space, followed by the definition of the
vectorized state representation. Building upon this, we detail
the Probabilistic Token Dynamics Model, which serves as
the core for counterfactual reasoning, alongside explicit re-
ward and value estimation networks. To stably optimize this
complex dual-system architecture, we introduce a decou-
pled two-stage offline training paradigm. Finally, we derive
the online planning mechanism using Latent MCTS during
the inference phase.

3.1 PROBLEM FORMULATION & VECTORIZED
STATE ABSTRACTION

We formalize vision-based E2E autonomous driving
as a discrete-time POMDP, defined by the tuple
(S,A,P,R,Ω,O, γ). At each time step t, the agent re-
ceives a high-dimensional observation ot ∈ Ω (e.g., multi-
view camera images) and infers the current latent state of

the system st ∈ S based on the observation history.

Unlike previous generative world models where S is typi-
cally defined as a high-dimensional pixel space or opaque la-
tent vectors, ReVAD utilizes the pre-trained VADv2 encoder
H to map the observation sequence into a highly structured,
sparse, and semantically hierarchical set of instance-level
tokens. Specifically, the latent state st comprises three het-
erogeneous token sets:

st = {Mt,At, Et} (1)

1. Static Map Tokens (Mt): Represents the road topol-
ogy (e.g., lane boundaries, crosswalks, stop lines).
Mt = {mi}Nm

i=1, where each map element mi ∈ Rdm
is encoded as a feature vector containing a sequence of
2D coordinates and semantic category labels.

2. Dynamic Agent Tokens (At): Represents traffic par-
ticipants (e.g., surrounding vehicles, pedestrians, cy-
clists). At = {aj}Na

j=1. To support rigorous collision
detection in subsequent steps, each dynamic token is
explicitly decoupled into geometric and kinematic at-
tributes: aj = [xj , yj , wj , lj , θj , vx,j , vy,j , cj ], corre-
sponding to center coordinates, width, length, heading
angle, lateral/longitudinal velocities, and class.

3. Ego Kinematic Token (Et): Encodes the ego-vehicle’s
current state and historical trajectory features, Et ∈
Rde .

The agent’s action space A is continuous. At time step t,
the ego-action at ∈ A is parameterized as a sequence of
local trajectory waypoints for the future Ha steps: at =
{(xt+k, yt+k)}Ha

k=1. This instance-level representation per-
fectly balances computational efficiency with geometric in-
terpretability, laying the foundation for dynamics evolution
in the feature space.

3.2 PROBABILISTIC TOKEN DYNAMICS MODEL

To enable System 2 lookahead planning, the agent must com-
prehend environmental causality. We introduce the Prob-
abilistic Token Dynamics Model, Dθ, which acts as the
agent’s internal world simulator. Given the current state st
and a candidate action at, Dθ predicts the environmental
state transition probability for the next discrete time step:

P (st+1|st, at) = Dθ(st, at) (2)

Given the unordered nature of token sets and the complexity
of multi-agent interactions, we employ a Transformer-based
architecture to instantiate Dθ. We decompose this transition
into two parts: the constancy of the static map (transla-
tion/rotation mapping in the ego-coordinate system) and the
interactive evolution of dynamic agents.
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Cross-Attention and Interaction Modeling: To predict
how surrounding vehicles will react to the ego-vehicle’s
actions (e.g., a rear vehicle decelerating if the ego-vehicle
forcefully changes lanes), we design an Action-conditioned
Cross-Attention mechanism. The fused representation of the
ego-action at and the ego-state Et serves as the Query (Q),
while the environmental agent tokens At and map tokens
Mt serve as Keys (K) and Values (V ):

Qt =Wq[MLP(at)⊕ Et] (3)

Kt =Wk(At ⊕Mt), Vt =Wv(At ⊕Mt) (4)

InteractionContextt = Softmax
(
QtK

⊤
t√

dk

)
Vt (5)

Multimodal Uncertainty Modeling: Traffic participants
exhibit highly stochastic behaviors. To simulate this uncer-
tainty, Dθ does not output deterministic future coordinates
but instead predicts the parameters of the positional distribu-
tion for each agent inAt+1. We employ a Gaussian Mixture
Model (GMM) to fit the multimodal future:

P (aj,t+1|st, at) =
Kmix∑
k=1

πj,kN (µj,k,Σj,k) (6)

where Kmix is the number of mixture components, πj,k is
the modality weight, and µj,k and Σj,k are the predicted
mean and covariance matrices. This probabilistic formula-
tion allows subsequent MCTS to sample worst-case sce-
narios during simulation, facilitating conservative and safe
decision-making.

3.3 REWARD FUNCTION AND VALUE
ESTIMATION

When expanding the search tree in the latent space, a signal
is required to evaluate the quality of each simulated trajec-
tory. ReVAD incorporates an immediate reward function
R(st, at) and a long-term value network Vϕ(st).

Analytic Collision and Compliance Rewards: Benefit-
ing from the geometric interpretability of the token space,
we bypass the need for ambiguous image feature classi-
fiers used in pixel-level models. Instead, we define analytic
immediate rewards directly in the token space:

rt = ωsafeRcoll(st) + ωlaneRlane(st) + ωprogRprog(st, at)
(7)

Crucially, the collision penaltyRcoll can be explicitly com-
puted via the Intersection over Union (IoU) between the ego
bounding box and all dynamic agent bounding boxes. If an
overlap occurs, a devastating penalty is applied to instantly
truncate that search branch:

Rcoll(st) =

{
−100, if ∃aj ∈ At s.t. IoU(Et, aj) > 0

0, otherwise
(8)

Value Network (Vϕ): To truncate trees of infinite depth,
the value network Vϕ : S → R estimates the expected
discounted return from a given state st:

Vϕ(st) ≈ Eπ,P

[ ∞∑
k=0

γkrt+k|st

]
(9)

This network consists of a Multi-Layer Perceptron (MLP)
that takes the aforementioned InteractionContextt as input
and outputs a scalar value.

3.4 TWO-STAGE TRAINING PARADIGM

In safety-critical domains like autonomous driving, it
is unacceptable for an agent to learn models and val-
ues via trial-and-error in real-world environments (On-
line RL). Therefore, we propose a two-stage training
paradigm completely decoupled from online interactions,
utilizing only offline expert demonstration datasetsDexpert =
{(ot, st, at, st+1, rt)}.

Stage 1: Representation and Prior Policy Learning. In
the first stage, we follow the conventional E2E paradigm
to train the visual encoder H and the imitation learning
prior policyPψ(a|st). The policy networkPψ also outputs a
multimodal distribution to approximate expert behavior. The
loss function Lprior is the Negative Log-Likelihood (NLL)
of the expert actions:

Lprior(ψ) = E(st,a∗t )∼Dexpert [− logPψ(a∗t |st)] (10)

Following Stage 1, Pψ acts as a "System 1" intuitive model,
serving to drastically narrow down the continuous action
space during the subsequent search phase.

Stage 2: Dynamics and Value Alignment. In the second
stage, we freeze the perception encoder H and focus on
training the dynamics model Dθ and the value network Vϕ.
For the dynamics model, we employ a self-supervised future
prediction objective. Given the ground-truth historical state
st and expert action a∗t , the model must reconstruct the
tokens at time t + 1. Since dynamic agents are modeled
as GMMs, the loss is the NLL of the mixture distribution;
for discrete categorical attributes (e.g., traffic light states or
object classes), Cross-Entropy (CE) loss is used:

Ldyn(θ) = E

[
− log

(
Kmix∑
k=1

πkN (a∗t+1|µk,Σk)

)

+ λclsCE(c∗t+1, ĉt+1)

] (11)

For the value network, we utilize Temporal Difference (TD)
learning. Assuming expert trajectories are generally suc-
cessful and safe, we compute the immediate reward rt at
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each step using the aforementioned analytic functions and
optimize the TD(n) target:

zt =

n−1∑
k=0

γkrt+k + γnVϕtarget(st+n) (12)

Lvalue(ϕ) = E
[
(Vϕ(st)− zt)2

]
(13)

This purely offline two-stage alignment not only guarantees
training stability but also provides the model with a robust
in-distribution representational foundation.

3.5 LATENT MCTS

During deployment (Inference), ReVAD discards pure imita-
tion execution and activates "System 2" for deliberative rea-
soning. Building upon the MuZero architecture, we develop
Latent MCTS tailored for driving scenarios characterized
by continuous action spaces and high uncertainty.

At each decision time step, MCTS constructs a search tree
originating from the root node s0 (the token state inferred in
real-time from images). Each edge (s, a) in the tree stores
a set of statistics: visit count N(s, a), total action value
W (s, a), mean action value Q(s, a), and prior probability
P (s, a). The entire search process recursively executes the
following four phases for Nsim iterations:

1. Selection: The search traverses the tree from the root
until it reaches an incompletely expanded leaf node sL.
To balance the exploitation of high-value paths and the
exploration of under-visited regions during internal tree
traversal, we employ a variant of the Polynomial Upper
Confidence Trees (PUCT) algorithm. Specifically, given the
continuous nature of the driving action space, we utilize the
prior policy Pψ(a|s) trained in Stage 1 to guide the search
direction:

a∗ = argmax
a

[
Q(s, a) + c1 · Pψ(a|s)

√∑
bN(s, b)

1 +N(s, a)

·
(
c2 + log

∑
bN(s, b) + c2 + 1

c2

)]
(14)

where c1 and c2 control the exploration decay rate. This
mechanism ensures that, lacking sufficient simulation data,
the agent leans towards "human-like" prior behaviors, but
rapidly switches branches if simulations prove those behav-
iors dangerous.

2. Expansion & Simulation: Upon reaching a leaf node sL,
traversing a continuous action space is impossible. Thus,
we sample K high-probability actions from the prior dis-
tribution Pψ(a|sL) to expand the node, initializing their
statistics to N = 0,W = 0. Subsequently, for the selected
exploratory action a, we input it into the Token Dynamics

Model to simulate one step into the future:

sL+1 ∼ Dθ(sL, a) (15)

Note: During inference, the distribution output by the GMM
is either instantiated as the most probable mean to prevent
tree branching explosion, or sampled via Monte Carlo with
a temperature parameter to evaluate extreme corner cases.

3. Evaluation: The newly generated latent state sL+1 is
evaluated using the reward function and the value network.
ReVAD’s core advantage shines here: if a collision is de-
tected in the token geometry of sL+1 (i.e., Rcoll < 0), the
node’s value v is immediately overwritten with a massive
negative penalty, permanently terminating further search
down this hazardous branch. Otherwise, v = Vϕ(sL+1).

4. Backpropagation: The cumulative discounted return for
the leaf node, G = rL + γ · v, is computed and backpropa-
gated up the search path to the root, updating the statistics
of all traversed edges (s, a):

N(s, a)← N(s, a) + 1 (16)

W (s, a)←W (s, a) +G (17)

Q(s, a) =
W (s, a)

N(s, a)
(18)

5. Action Selection: After completing Nsim iterations, Re-
VAD aggregates the visit counts of all candidate actions
at the root node s0. To maximize robustness against OOD
scenarios, the system selects the action afinal most frequently
visited by MCTS (i.e., the action subjected to the most safety
verifications) for execution by the vehicle chassis:

afinal = argmax
a

N(s0, a) (19)

Through this comprehensive System 2 paradigm, ReVAD
achieves real-time counterfactual evaluation within an ex-
ceptionally lightweight token space, fundamentally over-
coming the "blind overconfidence" flaw inherent to pure
imitation learning in long-tail scenarios.

4 EXPERIMENTS

To rigorously demonstrate the superiority of the deliberative
“System 2” reasoning in ReVAD over reactive “System 1”
baselines, we conduct comprehensive evaluations across
high-fidelity simulators and large-scale real-world datasets.
Our experiments are designed to address the following criti-
cal aspects of autonomous driving: 1) The upper bound of
closed-loop driving performance on standard benchmarks.
2) The notoriously known open-loop vs. closed-loop evalu-
ation gap. 3) Robustness in OOD events and scalability in
ultra-dense traffic. 4) Spatiotemporal kinematic consistency
and ride comfort. 5) Detailed computational overhead and
the internal decision-making mechanism of Latent MCTS.
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4.1 EXPERIMENTAL SETTINGS

Datasets and Benchmarks. Following the rigorous eval-
uation protocol of VADv2, we assess ReVAD on three au-
thoritative benchmarks:

• CARLA Benchmarks Jia et al. [2024]: We evalu-
ate closed-loop planning on the Town05 Long and
Bench2Drive benchmarks. The primary metrics in-
clude Route Completion (RC), Infraction Score (IS),
and Driving Score (DS). Simulation runs at 10 Hz.

• NAVSIM Dataset Dauner et al. [2024]: A large-scale
real-world dataset evaluated using the official Predic-
tive Driving Metric Score (PDMS) and No Collision
(NC) rate.

• 3DGS-based Benchmark Kerbl et al. [2023]: A pho-
torealistic closed-loop environment containing 337 re-
constructed dense traffic scenarios. Metrics include
Collision Ratio (CR) and Deviation Ratio (DR).

Implementation Details. For a strictly fair algorithmic
comparison, ReVAD adopts the exact same visual backbone
(ResNet-50) and Transformer-based representation encoder
H as VADv2. Furthermore, the pre-trained VADv2 model
directly serves as our Imitation Prior Policy Pψ. For the
Latent MCTS, the default hyperparameters are defined as
follows: simulation budgetNsim = 50, expansion candidates
K = 5, search depth Hs = 3 steps (evaluating 1.5 seconds
into the future at 0.5s intervals), and discount factor γ =
0.95. The probabilistic dynamics modelDθ is trained offline
on the 3 million clips collected from CARLA without any
online reinforcement learning. All models are deployed and
evaluated on a single NVIDIA RTX 4090 GPU.

4.2 MAIN RESULTS ON STANDARD
BENCHMARKS

Closed-loop Performance on CARLA. As reported in
Table 1, ReVAD achieves SOTA closed-loop performance
on the Town05 Long benchmark. While VADv2 demon-
strates strong performance (DS: 85.1) through probabilistic
regression, ReVAD elevates the Driving Score to an unprece-
dented 89.2. Notably, the Infraction Score (IS) drastically
increases from 0.87 to 0.93. This specific improvement is
theoretically significant: pure generative models often suffer
from “hallucinated compliance”—they may visually encode
a red light but fail to ground it geometrically, leading to
marginal infractions like line-crossing or stop-sign running
due to statistical noise. By explicitly rolling out future states
in the latent space and applying hard geometric penalty
checks, ReVAD acts as an algorithmic safeguard, perfectly
aligning the agent’s behavior with strict traffic rules and
preventing the execution of hazardous “human-like” but
contextually flawed prior actions. On the more demanding

Bench2Drive benchmark, ReVAD identically establishes a
new SOTA with a DS of 79.4.

Table 1: Closed-loop evaluation on the CARLA Town05
Long benchmark. ReVAD drastically reduces infractions,
achieving the highest Driving Score (DS).

Method Modality DS ↑ RC ↑ IS ↑
Transfuser Prakash et al. [2021] C+L 31.0 47.5 0.77
DriveMLM Cui et al. [2025] C+L 76.1 98.1 0.78
MILE Hu et al. [2022] C 61.1 97.4 0.63
VAD Jiang et al. [2023] C 30.3 75.2 -
DriveCoT Wang et al. [2024a] C 73.6 96.8 0.76
LeapVAD Ma et al. [2026] C 73.7 95.7 0.78

VADv2 (System 1 Prior) C 85.1 98.4 0.87
ReVAD (Ours, System 2) C 89.2 98.6 0.93

Generalization on Real-world Datasets. To verify that
ReVAD’s deliberative reasoning transfers seamlessly to real-
world complexities, we evaluate it on the NAVSIM and
3DGS benchmarks (Table 2). In NAVSIM, ReVAD achieves
a leading PDMS of 91.5. However, static log-replay datasets
like NAVSIM cannot measure how an agent’s action per-
turbs the environment. Therefore, the 3DGS-based bench-
mark, which involves reactive agents, provides a truer test of
closed-loop robustness. Here, ReVAD dramatically reduces
the Collision Ratio (CR) to 0.185—a remarkable 31.4%
relative reduction compared to the base VADv2 (0.270).
Pure behavioral cloning models suffer from “causal com-
pounding errors” in interactive settings because they cannot
anticipate how other vehicles will react to their maneuvers.
Conversely, ReVAD’s internal dynamics model explicitly
simulates this multi-agent interaction, empowering the La-
tent MCTS to proactively navigate around uncooperative
obstacles before a critical conflict manifests.

Table 2: Performance on Real-world Benchmarks. ReVAD
demonstrates exceptional safety in dense traffic scenarios,
drastically reducing the 3DGS Collision Ratio.

Method NAVSIM (navtest) 3DGS Benchmark

PDMS ↑ NC ↑ CR ↓ DR ↓
UniAD Hu et al. [2023b] 83.4 97.8 - -
DiffusionDrive Liao et al. [2025] 88.1 98.2 - -
GenAD Zheng et al. [2024] - - 0.341 0.291
VAD Jiang et al. [2023] - - 0.335 0.314

VADv2 (Prior) 89.3 98.3 0.270 0.243
ReVAD (Ours) 91.5 98.8 0.185 0.248

4.3 BRIDGING THE OPEN-LOOP VS.
CLOSED-LOOP GAP

A fundamental dilemma in E2E driving is the severe discon-
nect between open-loop metrics (e.g., L2 displacement error
against expert trajectories) and closed-loop survival capabil-
ities. Imitation learning models are explicitly optimized for
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open-loop likelihood, often leading to compounding errors
during closed-loop autoregressive execution.

We compare VADv2 and ReVAD under both settings (Ta-
ble 3). Interestingly, VADv2 achieves a marginally lower
open-loop L2 error at 3s (0.225m vs. 0.231m for ReVAD).
This marginal discrepancy occurs because ReVAD’s MCTS
intentionally deviates from the “expert average” when its
forward simulation detects a potential latent collision. While
this conservative deviation slightly penalizes open-loop
alignment, it yields massive dividends in closed-loop deploy-
ment, dropping the collision rate from 0.007% to 0.002%.
This confirms that optimizing for trajectory likelihood (Sys-
tem 1) does not inherently optimize for survival (System 2);
explicit causal reasoning is indispensable for safe autonomy.

Table 3: Open-Loop vs. Closed-Loop Gap. ReVAD sacri-
fices negligible open-loop L2 accuracy to achieve a massive
reduction in closed-loop collisions.

Method Open-Loop Closed-Loop

L2 @ 1s ↓ L2 @ 3s ↓ Collision ↓
VADv2 (Prior) 0.082 0.225 0.007%
ReVAD (Ours) 0.084 0.231 0.002%

4.4 ROBUSTNESS IN HIGH-UNCERTAINTY AND
DENSITY SCENARIOS

Adversarial OOD Stress Test. The fatal flaw of prob-
abilistic imitation is its reliance on the training manifold.
Without a transition model, agents cannot foresee the conse-
quences of their actions in OOD scenarios. We engineered
an Adversarial Interactive Stress Test in CARLA, featur-
ing rare, high-uncertainty events (e.g., sudden pedestrian
emergence from occlusion, and extreme aggressive vehicle
cut-ins).

As shown in Table 4, under standard traffic, both methods
perform exceptionally well. However, under aggressive cut-
ins, VADv2’s Collision Avoidance Success Rate (CASR)
collapses to 42.5%. It blindly executes its maximum-
likelihood prediction, failing to realize the environmental
dynamics have drifted. Conversely, ReVAD maintains a ro-
bust CASR of 81.2%. By leveraging Dθ to simulate the
bounding-box overlaps resulting from the cut-in, MCTS
assigns massive penalties to the prior’s trajectory, aggres-
sively shifting the decision tree towards emergency braking
or evasive steering.

Scalability with Traffic Density. Multi-agent interaction
complexity scales exponentially with traffic density. We
categorize driving scenes in Town05 based on the num-
ber of dynamic agents within a 30-meter radius: Low (<5),
Medium (5-15), and High (>15). Table 5 illustrates the scala-
bility of different planners. VADv2’s DS drops significantly

Table 4: Adversarial OOD Stress Test: Collision Avoidance
Success Rate (CASR ↑). ReVAD exhibits supreme robust-
ness against extreme corner cases.

Method Standard Traffic Sudden Occlusion Aggressive Cut-in

Transfuser 78.4% 22.1% 15.3%
VADv2 (System 1) 96.2% 68.4% 42.5%
ReVAD (System 2) 98.5% 89.6% 81.2%

by 14.3 points from Low to High density. In contrast, Re-
VAD exhibits graceful degradation, with DS dropping by
only 8.1 points. The cross-attention mechanism within our
Dynamics Model effectively captures the joint probability
of multi-agent interactions, whereas baseline methods treat
marginal distributions of agents independently, leading to
paralysis in dense traffic.

Table 5: Scalability with Traffic Density (Driving Score ↑).

Method Low (<5) Medium (5-15) High (>15)

DriveMLM 82.4 75.3 61.2
VADv2 (Prior) 92.1 85.5 77.8
ReVAD (Ours) 93.5 89.2 85.4

4.5 KINEMATIC CONSISTENCY AND RIDE
COMFORT

A common issue in generative and probabilistic driving
models is “trajectory flickering”—where the predicted mul-
timodal outputs rapidly oscillate between frames, causing
severe passenger discomfort. By aggregating future values
over multiple MCTS simulations, ReVAD intrinsically acts
as a temporal smoothing filter. Table 6 evaluates ride com-
fort using Maximum Jerk, Maximum Lateral Acceleration,
and Trajectory Flickering Rate (TFR, defined as the per-
centage of frames where the planned lateral intent flips).
ReVAD reduces TFR by over 50%, resulting in a profoundly
smoother and more stable physical execution.

Table 6: Kinematic Consistency and Ride Comfort Metrics.

Method Max Jerk ↓ Max Lat. Accel ↓ Flickering Rate ↓
(m/s3) (m/s2) (TFR %)

Transfuser 4.12 3.25 18.4%
VADv2 (Prior) 2.65 2.10 9.2%
ReVAD (Ours) 1.82 1.45 4.1%

4.6 COMPREHENSIVE ABLATION STUDIES

MCTS Components and Value Network. Table 7 iso-
lates the contribution of each algorithmic component. Re-
moving the explicit collision penalty (Rcoll) causes the IS
to drop sharply from 0.93 to 0.88, proving that analytic ge-
ometry checking in the token space is the primary driver
of safety. If we remove the TD-trained Value Network Vϕ
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and rely solely on immediate rewards, the agent becomes
myopic, reducing DS to 86.4. Furthermore, replacing the
informed Imitation Prior (Pψ) with a uniform random ex-
pansion plummets DS to 61.4, highlighting the indispens-
able synergy: System 1 provides computationally tractable
“human-like” proposals, while System 2 ensures rigorous
safety bounds.

Table 7: Ablation on Latent MCTS Components (Town05
Long).

Configuration DS ↑ RC ↑ IS ↑
Full ReVAD (Latent MCTS) 89.2 98.6 0.93
w/o Explicit Collision Penalty (Rcoll) 84.7 98.5 0.88
w/o Value Network (Myopic Search) 86.4 97.2 0.89
w/o Imitation Prior (Uniform Search) 61.4 82.3 0.74

Search Depth (Hs). Table 8 demonstrates the trade-off
between search depth Hs and safety. A depth of Hs = 1
(looking ahead 0.5s) is insufficient to prevent high-speed
collisions. Increasing depth to Hs = 3 (1.5s) optimizes
safety, capturing enough causal dynamics to successfully
override dangerous priors.

Table 8: Ablation on MCTS Search Depth (Hs).

Search Depth (Hs) Lookahead Time Infraction Score ↑
0 (VADv2 Baseline) 0.0 s 0.87
1 0.5 s 0.89
2 1.0 s 0.91
3 (Default) 1.5 s 0.93
4 2.0 s 0.93

4.7 COMPUTATIONAL OVERHEAD
BREAKDOWN

A common critique of tree-search algorithms is their com-
putational overhead, which often precludes real-time de-
ployment. Because ReVAD operates exclusively in a highly
sparse Token Space (requiring only lightweight Transformer
matrix multiplications) rather than rendering dense pixels, it
remains exceptionally efficient. Table 9 profiles the latency
of each module per frame. Executing 50 MCTS simulations
introduces merely 17 ms of overhead (Dynamics + Value +
Backprop) compared to the base VADv2 architecture. The
total E2E latency is 142 ms, safely satisfying the ∼10 Hz
real-time control constraints required by autonomous chas-
sis systems.

4.8 QUANTITATIVE SCENARIO-BASED
DECISION ANALYSIS

To intuitively and quantitatively demystify the cognitive
override process of ReVAD, we present a Scenario-based

Table 9: E2E Inference Latency Breakdown (Nsim =
50, Hs = 3).

Module (System 1) Time Module (System 2 MCTS) Time

Visual Perception (BEV) 35 ms Dynamics Sim (Dθ × 50) 9 ms
Tokenization (H) 42 ms Value Evaluation (Vϕ × 50) 6 ms
Prior Policy (Pψ) 48 ms Tree Expansion & Backprop 2 ms

Subtotal (Prior) 125 ms Subtotal (MCTS Overhead) 17 ms

Total ReVAD Inference Latency per frame 142 ms

Decision Analysis in Table 10. This table tracks the internal
metrics of three highly critical driving scenarios, comparing
the System 1 imitation probability (Pψ) against the System
2 estimated action-value (Q(s, a)) after MCTS rollout.

Table 10: Quantitative Scenario-based Decision Analysis.
MCTS explicitly penalizes high-probability but hazardous
imitation actions, forcing safe execution.

Driving Scenario Candidate Action Sys 1 Prob (Pψ) Sys 2 Value (Q) Final Execution

1. Unprotected Left Turn Action A: Aggressive Crossing 0.82 (High) -95.4 (Collision) Rejected
Action B: Yield to Oncoming 0.12 (Low) +12.5 (Safe) Selected

2. High-speed Cut-in Action A: Maintain Speed 0.75 (High) -88.0 (Collision) Rejected
Action B: Emergency Brake 0.08 (Low) +8.4 (Safe) Selected

3. Pedestrian Emergence Action A: Swerve Left 0.55 (High) -45.2 (Lane Viol.) Rejected
Action B: Hard Stop 0.25 (Med) +9.2 (Safe) Selected

Case Study: Unprotected Left Turn. In Scenario 1, the
ego-vehicle turns left while a high-speed oncoming vehi-
cle approaches. The System 1 imitation prior, biased by
dataset statistics (where oncoming vehicles often yield), as-
signs 82% probability to Action A (Aggressive Crossing).
Executed blindly, this results in a severe T-bone collision.
ReVAD instead expands the node with System 2 reasoning.
The Token Dynamics Model predicts a multimodal future for
the oncoming vehicle, including a worst-case mode where
it maintains speed, and the rollout detects an IoU overlap
between ego and oncoming agent tokens. MCTS then back-
propagates a catastrophic penalty (Q = −95.4) to the root,
causing PUCT to abandon this branch and explore Action
B (Yield). With collision-free rollouts (Q = +12.5), Re-
VAD executes the low-probability yet safe yielding action,
exemplifying “thinking before acting.”

5 CONCLUSION

In this paper, we present ReVAD to bridge the gap be-
tween reactive imitation and deliberative planning in E2E
autonomous driving. ReVAD leverages a pre-trained imi-
tation policy as a “System 1” prior and employs a prob-
abilistic Token Dynamics Model with Latent MCTS for
“System 2” counterfactual reasoning. Extensive evaluations
show that explicitly rolling out future dynamics in the token
space drastically reduces closed-loop collisions and miti-
gates catastrophic failures in OOD scenarios. Furthermore,
our highly optimized MCTS introduces minimal latency,
proving the practical viability of real-time reasoning for
safe autonomy.
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