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ABSTRACT

Behavioral cloning trains policies to mimic expert demonstrations, but provides
no mechanism for recovery when the agent deviates from the training distribution
at test time. We address this limitation through a new paradigm: test-time plan-
ning. Our approach learns a latent world model and reward model from expert
demonstrations, then uses these components at inference to search for corrective
actions when the base policy begins to fail. Concretely, we combine a hierarchi-
cal diffusion policy trained via imitation learning with Model-Predictive Control
(MPC) in the learned latent space, enabling the ego vehicle to plan recovery tra-
jectories during inference without additional human supervision. We evaluate our
method on the nuPlan and CARLA planning benchmarks demonstrating that our
test-time planning approach is consistently able to recover from distribution shifts
that cause the base policy to fail. Our results suggest that integrating search-based
planning with learned world models provides a robust framework for handling
inference-time distribution shifts in embodied agents.

1 INTRODUCTION

Imitation learning offers a compelling paradigm for autonomous driving, rather than hand-
engineering reward functions or rules (Dauner et al.| |2023;|[Khanzada & Kwon| [2025])), we learn poli-
cies directly from expert demonstrations. Behavioral cloning (BC), the simplest form of imitation
learning, trains a policy to maximize the likelihood of expert actions at expert states (Torabi et al.,
2018). Modern instantiations using expressive architectures like diffusion models have achieved
strong performance on driving benchmarks |Zheng et al.| (2025); [Tan et al.| (2025) when the test
distribution matches training. However, BC provides no mechanism for recovery when the agent
inevitably deviates from the expert’s state distribution at test time.

This limitation is fundamental. When an imitation policy makes even a small mistake—due to
limited demonstrations, optimization errors, or distribution shift—it enters states unlike those seen
during training, where it is likely to make further errors. This compounding error manifests as brit-
tle behavior: a policy that performs well on average but fails catastrophically when perturbed from
familiar states (L1 et al.| 2024} Jaeger et al., 2025). The dominant approaches to handling test-time
distribution shift involve updating model parameters: test-time training adapts representations using
self-supervised objectives (Tan et al., 2025), while test-time adaptation adjusts batch normalization
statistics or lightweight adapters (Jia et al., 2023). However, for safety-critical autonomous driv-
ing, parameter updates raise concerns about stability—a modified policy may behave unpredictably
across the entire state space, not just where adaptation was needed.

We explore an alternative: test-time planning. Rather than updating what the policy is, we adapt what
the policy does by searching for corrective actions at inference time. This requires learning not just
a policy, but the components needed for search: a world model that predicts action consequences,
and a reward model that evaluates how “expert-like” a state is. Given these components, we perform
local search during inference to correct the base policy’s mistakes, planning recovery trajectories
without modifying any parameters. Our approach builds on (Jain et al.,[2025), which introduced this
learning-to-search framework for robotic manipulation. At test time, when the ego vehicle deviates
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Figure 1: (a) An overview of how our model works during inference time. (b) By visualizing candi-
date rollouts within a learned world model, our method exposes how the reward function evaluates
potential hazards. This transparency allows users to interpret why a base trajectory is rejected as
unsafe (blue) and how the model identifies a corrective, high-reward path (red), providing crucial
auditability for safety-critical planning. (c) Our learned reward model is able to identify nuanced
failures (blue) and generate a new trajectory (red) to counterfactually avoid them.

from expert-like behavior, we use Model Predictive Control (MPC) (Kouvaritakis & Cannon, [2016))
to search for residual corrections to the base policy’s planned trajectory. The search operates in a
learned latent space, evaluating candidates against the reward model and selecting actions that return
the vehicle to the expert’s state distribution.

This framing offers several advantages for autonomous driving. First, corrections are local—
affecting only the current decision, not behavior elsewhere. Second, planning is interpretable—we
can inspect candidate trajectories and their scores. Third, planning is constraint-compatible—we
can reject unsafe trajectories before execution rather than hoping an adapted policy respects them.

We validate this approach on the widely-used nuPlan and CARLA benchmarks for autonomous
planning. Our experiments demonstrate that by shifting the burden of correction from training-time
updates to test-time search, we achieve higher safety and improved generalization. We show that
even when the base policy fails, our planner effectively navigates the vehicle back to an expert-like
distribution, confirming the efficacy of test-time optimization for safety-critical driving applications.

2 BACKGROUND AND EXPERIMENTAL SETUP

Learning-based planning for autonomous driving spans imitation learning (Renz et al., 2022} Zheng
et al., 2025} [Tan et al.| [2025)), reinforcement learning (Zhang et al., 2021} Jaeger et al., 2025)), and
hybrid approaches (Cheng et al., [2024; Dauner et al.| 2023). Imitation learning methods train neu-
ral planners via behavioral cloning on expert demonstrations, achieving strong performance with
modern architectures like Transformers and diffusion models. However, these approaches strug-
gle with compounding errors and recovery from off-distribution states. Reinforcement learning
addresses some limitations by optimizing closed-loop objectives (Jaeger et al.l [2025; [Khanzada &
Kwon, 2025)), but requires extensive online interaction and careful reward shaping. Hierarchical
formulations separate high-level behavior selection from low-level control, improving abstraction
but remaining limited without explicit planning (Jin et all 2025). Our work combines hierarchi-
cal planning with learning-to-search: we use a hierarchical diffusion policy as the base trajectory
generator, then augment it with learned world and reward models that enable test-time planning for
recovery (Jain et al., [2025)). This integration preserves the structured representation of hierarchical
approaches while adding the ability to recover from distribution shift at inference.

We evaluate our method against state-of-the-art planners on four benchmarks spanning real-world
and simulated driving. From nuPlan (Dauner et al.l [2023)), we use Vall4 (1118 scenarios across 14
types), Test14-random (200+ randomly selected scenarios), and Test14-hard (272 scenarios selected
as worst-performing cases for rule-based planners, targeting dense traffic and complex intersections).
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We also evaluate on CARLA Longest6 v2 (Chitta et al., [2022), which consists of 36 routes up to 2
km long with 5-21 safety-critical scenarios per route and background traffic driving up to 80 km/h.

3 TEST-TIME PLANNING VIA LEARNING TO SEARCH

Fig|lpa shows our approach for enabling recovery from distribution shift at test time. We combine a
hierarchical diffusion policy trained via imitation learning with a learning-to-search framework that
performs local planning when the base policy begins to deviate from expert-like behavior.

Hierarchical Base Policy Generator Our base policy generator employs a hierarchical architec-
ture that decomposes trajectory generation into three stages. First, an upper-level encoder processes
ego history, neighboring agent trajectories, and vectorized map features through temporal transform-
ers and cross-modal attention, producing a context representation f,,. Second, an anchor predictor
outputs K sparse probabilistic waypoints via a Mixture Density Network (MDN) (Bishop) |{1994),
capturing multi-modal intentions over the planning horizon. Finally, a conditional flow matching
model generates dense trajectories by learning a vector field vy (7, ¢, W, ¢, fyp) that transports sam-
ples from a Gaussian prior to the trajectory distribution, conditioned on anchors ¥V and context
fup- The model is trained in two stages: supervised anchor prediction with NLL loss and joint flow
matching training with anchor consistency and smoothness regularization. At inference, we sample
diverse trajectory candidates by varying anchor samples and flow prior noise, which are then evalu-
ated by downstream components. Full architectural and training details are provided in Appendix [A]

Test-Time Planning for Recovery While the hierarchical base policy provides diverse trajectory
candidates, it lacks a mechanism for recovery when these candidates deviate from the expert distri-
bution. We address this by learning three additional components from a mixture of expert demon-
strations Dexpert and base policy rollouts Dyoricy: a latent world model, a reward model, and a critic.
The world model follows an RSSM architecture with an encoder enc that maps observations to latent
states z; = enc(z;—1,a¢—1,0;) and a dynamics model f that predicts transitions 2;11 ~ f(z¢, at).
The reward model RM : Z — R scores latent states by how expert-like they are, trained as a
discriminator between expert and learner rollouts:

Lrm = E(z,a,o)NDpuucy [RM(CHC(Z, a, 0))] - E(ZVG»O)NDeXPm [RM(CHC(& @ 0))} M

The critic V' : Z — R estimates long-horizon returns beyond the planning window. We use an
ensemble of critics with an uncertainty penalty to encourage conservative planning. At inference,
we use an MPC algorithm to search for residual corrections to the base policy’s plan. Given a state
representation and nominal plan a't’f‘tsi i from the hierarchical policy, we sample candidate residuals
from a proposal distribution, roll them out in the world model, and score the resulting trajectories:

k—1
Afypy = arg max >y "RM(zesn) +7"V (ze4k) )
h=0

tittk T

Here, z;y, denotes the latent state obtained by rolling out the corrected actions aEa;ik + Apttk
in the learned world model. The sampling distribution is iteratively refined toward higher-scoring
residuals over multiple iterations, after which we execute the first corrected action af = a?®° + A¥
and re-plan at the next timestep. This residual formulation is conservative, which means that when
the base policy performs well, MPC converges to near-zero corrections. Additional training and

implementation details are provided in Appendix [B]

4 EXPERIMENTS

This section shows the advantages of our method over several other planning approaches on nuPlan
(Dauner et al. [2023)), and CARLA longest6 v2 (Chitta et al., 2022). We provide more results,
including qualitative examples, in Appendix [C|

nuPlan Table|T]reports official closed-loop scores (0-100) in both non-reactive (NR) and reactive
(R) settings. We outperform pure imitation (Tan et al., [2025)), hybrid (Zheng et all [2025), and
hierarchical (Jin et al., 2025) baselines. To isolate the contribution of test-time planning, we ablate
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Table 1: Closed-loop planning performance on nuPlan benchmarks. Bold indicates best perfor-
mance, underline indicates second best.

Method Type Vall4 Test14-hard Test14
NR R NR R NR R

Log Replay (LQR) Human 93.53 80.32 8596 68.80 94.03 75.86
Flow Planner IL 90.43 83.31 76.47 7042 89.88 82.93
Diff. Planner w/refine  Hybrid 9426 9290 78.87 82.00 94.80 91.75
HiDrive Hierarchical 93.62 93.15 81.41 83.18 93.71 9231
Ours - 9129 8493 7819 7262 90.13 84.39
Ours (w/L2S) - 95.81 90.44 81.89 8547 95.61 90.16

Table 2: Closed-loop performance on CARLA Longest6 v2. DS: Driving Score (1), RC: Route
Completion (1), Ped: Pedestrian collisions ({), Veh: Vehicle collisions (].), MS: Min-speed infrac-
tions (), Time: Average completion time (/). Bold indicates best performance.

Planner Type DST RCtT Ped|l Veh] MS| Timel
PlanT IL 62 96 0.07 0.43 3.18 18
Think2Drive ~ RL 7 39 0.97 255 18.05 6
LBC TTA 36 52 0.39 3.78 5.93 10
Roach RL + TTA 22 77 0.45 2.42 7.12 7
CaRL RL 64 82 0.01 0.36 1.71 8
Ours - 57 73 0.38 1.95 4.07 7
Ours (w/L2S) - 69 87 0.06 0.28 1.24 11

our method with and without the learning-to-search (L2S) module. The substantial improvement
with L2S demonstrates the effectiveness of our method, and shows that test-time planning effectively
recovers from situations where the hierarchical base policy alone would fail.

CARLA Table [2] reports results on CARLA Longest6 v2 (Chitta et al. [2022), where Driving
Score (DS) multiplies Route Completion (RC) by a penalty for infractions. We compare against a
different set of baselines here, as methods evaluated on nuPlan and CARLA typically come from
distinct research communities. We restrict comparison to methods operating solely in BEV space,
excluding approaches that additionally use sensor observations as input, which would constitute an
unfair comparison given the additional modality unavailable to our model. Our method achieves 69
DS, outperforming prior RL and IL approaches while drastically reducing pedestrian and vehicular
collisions. We also compare against two state-of-the-art test-time adaptation (TTA) methods and
find that our approach outperforms both, highlighting the advantage of learning the components for
search rather than adapting policy parameters at inference. We attribute the safety improvements
to test-time trajectory re-evaluation: by reasoning about the dynamics of surrounding agents in the
learned world model, our planner updates its trajectories to avoid collisions.

5 DISCUSSION

We presented an approach for robust imitation learning in autonomous driving that performs test-
time planning to improve the base policy during inference. By learning a world model and reward
model from expert demonstrations and base policy rollouts, we enable recovery from distribution
shift through search in learned latent space. Our results show consistent improvements over the base
hierarchical policy, particularly in challenging scenarios where behavioral cloning alone fails.

Our framework is also architecturally compatible with foundation models for both policy and world
modeling. The base policy could be replaced with a vision-language-action model pretrained on
diverse driving data, potentially improving generalization to novel scenarios. Similarly, the world
model could leverage video prediction foundation models trained on internet-scale data, providing
broader coverage of possible state transitions. We hypothesize that such integrations could amplify
the benefits of test-time planning- a more general base policy would require corrections less fre-
quently, while a more general world model would enable recovery from a wider range of failures.
We leave this integration as a promising direction for future work.
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A HIERARCHICAL BASE POLICY GENERATOR

This section provides additional details on the hierarchical base policy generator summarized in the
main text.

A.1 OVERVIEW

The hierarchical policy decomposes trajectory generation into two stages: sparse anchor prediction
followed by dense trajectory generation via conditional flow matching. This decomposition en-
ables efficient coverage of the multi-modal trajectory distribution while maintaining interpretability
through explicit subgoal representations. The architecture consists of four modules: (1) an upper-
level encoder that extracts scene context, (2) an anchor predictor that generates sparse probabilistic
waypoints, and (3) a lower-level trajectory generator that produces dense trajectories conditioned on
anchors.

A.2 PROBLEM FORMULATION

Let S; = {E:, A;, M} denote the scene context at time ¢, where By = {e;—1, +1,. .., e} is the ego
vehicle state history over T}, timesteps with e, = (x,,y,,0-,v,) representing position, heading,

and velocity; A; = {Agl’}fﬁl is the set of neighboring agent histories; and M = {¢1,..., 0L} is
the local map represented as lane polylines. Our goal is to learn a generative model py(7|S;) over
future ego trajectories 7 = {e;11,. .., e;4 1, } spanning prediction horizon T’.

A.3 ARCHITECTURE
A.3.1 UPPER-LEVEL ENCODER

The upper-level encoder extracts a joint context representation f,, € R? from the scene context S;
using modality-specific encoders followed by cross-modal fusion.

Ego Encoder. We encode the ego history using a temporal transformer:
hego = TemporalTransformer ({W. - e; + PE(7)}._; 1, 11) 3)

where W, € R¥*4e projects ego states to the model dimension and PE(-) denotes sinusoidal posi-
tional encoding. The final ego embedding is obtained via mean pooling: f.so = MeanPool(Aego).

Agent Encoder. Each neighboring agent trajectory is first transformed to ego-centric coordinates

via CNL-(,—i) =~ (a(Ti) — e;) where R, is the rotation matrix corresponding to ego heading ;. Agent
trajectories are encoded independently and aggregated via self-attention:
a(glgm = MeanPool (TemporalTransformer ({Wa Sal) 4 PE(T)})) 4)
— 3 (7') Ny
fugems = MultiHeadSelfAttn ({ £}, ) 5)

For scenes with variable numbers of agents, we apply masking and use a maximum agent count
Niax With zero-padding.

Map Encoder. Each lane polyline ¢; = {pgj ), ceey pgé)]} is encoded using a polyline transformer.
Lane point features include ego-centric position, tangent direction, and lane type embeddings. Lane
embeddings are aggregated via self-attention:

fmap = MultiHeadSelfAttn ({MeanPool(hfjﬁe)}]Ld) (6)
The final context representation is obtained via cross-attention fusion: f,, = CrossAttn(Q =
fego, & = V' = [ fagents; fmap]). To stabilize training, we maintain an exponential moving average

(EMA) copy of the encoder parameters with momentum a = 0.999. The EMA encoder produces

. which is used for conditioning downstream modules during training.
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A.3.2 ANCHOR PREDICTOR

The anchor predictor generates K sparse probabilistic waypoints W = {wq, ..., wk } at uniformly
spaced time indices {t; }X_, where t;, = t+k-|T}/K |. We model anchors using a Mixture Density
Network (MDN) with M Gaussian components per anchor:

wk| EMA Z Thym * wka Hk.om, Zk,m) (7)

The MDN head outputs mixture weights 7, € AM =1 via softmax, component means jiz ,, € R2,
and diagonal covariances Xy, ,, = diag(o}, ,,,) with o = exp(log o) to ensure positivity. To sample
an anchor, we first sample a component index m* ~ Categorical(7ry), then sample position wy ~
N (L&, m=, Lg,m+). For multi-modal trajectory generation, we sample Ngmpies independent anchor
sets.

A.3.3 LOWER-LEVEL TRAJECTORY GENERATOR

The lower-level generator produces dense trajectories 7 = {41, ..., €47, } conditioned on sam-
pled anchors WV and context f,, using conditional flow matching.

Flow Matching Formulation. Let 75 ~ N(0, ) denote a sample from the prior and 7; = 76T

denote the ground-truth trajectory. We define a probability path p;(7) interpolating between prior
and data distribution for ¢t € [0,1]. The flow is generated by a time-dependent vector field v (7)
parameterized by a neural network vy (7, t, W, fyp) conditioned on anchors and context.

Conditional Flow Matching Objective. Using a linear interpolation path » = (1 — t)7o + t71,
the conditional vector field is u¢(7|71) = 71 — 7. The training objective is:
Leim = Eoatd(0,1],70~N (0,1), 71 ~pana 100 (76, 6, W, fup) — (11— 70) 3] 3

The vector field network is a transformer that embeds the input trajectory with sinusoidal time en-
coding, applies self-attention and cross-attention to conditioning features foong = | fups Encyy(W)],
and outputs velocity predictions via linear projection.

Anchor Conditioning via Guidance. To ensure generated trajectories respect predicted anchors,
we use classifier-free guidance. During training, we randomly drop anchor conditioning with prob-
ability puncona = 0.1 using a learned null embedding. At inference, we modify the vector field:

’59 - U@(Tt7t>Wa fup) +w (vo(Ttat7W7fup> - U9(7t5t7®7fup)) (9)

where w > 0 is the guidance scale. We additionally apply explicit anchor projection at intermediate
SteP53 Tt/ =T — )\anchorv‘rt Eanchor(Tta W) where Eanchor(Ty W) = Zle ||T[tk] - ’LUk”%

Sampling. At inference, we generate trajectories by solving the ODE dT’ = vg(7¢,t, W, fup) from
t = 0 to t = 1 using fixed-step Euler integration: 7,y ay = 74 + At - Og W1th Niieps integration steps.

Training with Anchor Consistency. In addition to the flow matching objective, we add an anchor
consistency loss on the fully denoised trajectory:

K

»Cconsisl - E‘ro,'rl Z ||7A_1 [tk] - Sq(wk)”g (10)
k=1

where 71 is obtained by integrating the learned flow and sg(-) denotes stop-gradient on anchors. We

also add smoothness regularization Lymooth = ZZTZfQ_ YN1#1li + 1] = 2#1[i] + #1[i — 1]||3 to penalize
jerky trajectories.

A.4 TRAINING PROCEDURE

Training proceeds in three stages with curriculum scheduling.
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Algorithm 1 Hierarchical Policy Inference

Scene context S;, number of samples Ngamples, guidance scale w, integration steps Neps
Trajectory candidates {7(™) }gi‘}"‘”
Jup < ENCODER(S;)
{7k, s, ok } £, < ANCHORPREDICTOR(fyp) 7 = 1 t0 Nygmples k = 1 to K
m* ~ Categorical(7ry,)
w](qn) ~ N(/J’k,m*y 2k:,'rn*)
W) {wgn), e 7w§?)}
7™ N(0,1) 5 = 0 t0 Nyeps — 1
t <+ S/Nsteps

(n) (n)

Ucond < Uﬁ(Tt T, W, fup)
yuncond < Vg (Tt(n)v t,J, fup)
VU ¢ Ucond + W(Ucond - vuncond)

Tt(z)l/Nsleps A Tt(n) + 6/NS[EPS
)

() 7'1("

L)

—_ =
S 2 A Rl e

—_ =

Stage 1: Anchor Predictor Training. We extract ground-truth anchors from expert trajectories at
the specified time indices. The anchor predictor is trained to minimize negative log-likelihood:

K
Lanchor = — Z IOg p(ngl iMA) (1n
k=1

. K . .
We add a reconstruction 10ss Lrecon = Y 1 Mily, || fk,m — ngH% to encourage mixture means to

be close to ground truth, and a diversity regularization L4y = — Z,[f:l Yom L e — toge.me |2
to prevent mode collapse.

Stage 2: Flow Matching Pretraining. We pretrain the lower-level trajectory generator using
ground-truth anchors as conditioning. This allows the flow network to learn trajectory dynamics
before being exposed to noise from sampled anchors. We use teacher forcing, feeding ground-truth
previous states rather than model predictions.

Stage 3: Joint Fine-Tuning. We jointly train all components end-to-end. The total loss combines
all objectives:

Etotal = ACCFM + A'clnchopcanchor + )\consistﬁconsist + )\smoothﬁsmooth + )\recon»crecon + Adivﬁdiv (12)

During joint training, we transition from ground-truth anchors to sampled anchors for conditioning
the flow network.

Curriculum Training Schedule. We employ curriculum learning to stabilize training. For

horizon curriculum, we start with short prediction horizons and gradually extend: Tf(epocm

min(T}na", T}ni" +epoch-AT'). For anchor conditioning, we progress through three phases: (1) con-
dition on ground-truth anchors, (2) mix ground-truth and sampled anchors with decreasing ground-
truth probability, (3) condition on sampled anchors only.

A.5 INFERENCE PROCEDURE

At inference, we generate Ngumples diverse trajectory candidates as described in Algorithm (I} Di-
versity arises from three sources: MDN mixture component sampling, Gaussian noise in anchor
sampling, and prior noise in flow integration. For deterministic inference, we use the mixture com-
ponent with highest weight, the mean of the selected Gaussian, and zero prior noise.
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A.6 HYPERPARAMETERS AND IMPLEMENTATION DETAILS

Table [3| summarizes the key hyperparameters.

Table 3: Hyperparameters for the hierarchical base policy generator.

Hyperparameter Symbol Value
Architecture

Model dimension d 256
Number of attention heads H 8
Number of transformer layers (flow network) L 6
Ego history length Ty, 20 (2s at 10Hz)
Prediction horizon Ty 80 (8s at 10Hz)
Number of anchors K 5
MDN mixture components M 6
Maximum agents Nimax 32
Flow Matching

Integration steps (inference) Niteps 20
Integration steps (training consistency) N;{gé‘; 10
Guidance scale w 2.0
Anchor guidance step size guide 0.1
Unconditional dropout (anchor) panchor 0.1
Position normalization scale Spos 50 m
Velocity normalization scale Svel 20 m/s
Training

EMA momentum « 0.999
Stop distance threshold Jstop 2.0m
Stop velocity threshold Uthresh 0.5 m/s
Safe distance dgafe 3.0 m
Consistency computation frequency Neonsist 100 steps
Loss Weights

Reconstruction loss weight Arecon 0.1
Diversity loss weight Adiv 0.01
Consistency loss weight Aconsist 1.0
Smoothness loss weight Asmooth 0.1
Velocity regularization weight Avel 0.01
Anchor loss weight Aanchor 1.0
Policy loss weight Apolicy 0.5
Optimization

Learning rate - 1x1074
Batch size - 64
Optimizer - AdamW
Weight decay - 0.01
Gradient clip norm - 1.0

We use sinusoidal positional encodings: PE(t,2i) = sin(t/10000%/¢) and PE(t,2i + 1) =
cos(t/10000%"/%). All spatial coordinates are normalized to ego-centric frame and scaled by normal-
ization constants. For variable-length sequences, we apply attention masking to prevent attending
to padded positions. For MDN training stability, we clamp log-variance to [—5, 5], use log-sum-exp
with max subtraction for NLL computation, and add ¢ = 10~% to variance terms. Gradient norms
are clipped to 1.0 throughout training.

A.7 FUTURE WORK: CONTINUOUS POLICY MODULE

While the MDN-based anchor predictor provides multi-modality through mixture sampling, one can
further enrich the space of behaviors by introducing a continuous policy module. Instead of relying
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solely on discrete mixture components, this module outputs a continuous latent code Zpolicy € R4-
that conditions the trajectory generator:

Zpolicy = MLPpolicy(fuw Encyy (W)) (13)
The latent code is concatenated with the anchor and context embeddings when conditioning the flow
network. During training, the policy module can be regularized with a KL divergence term toward
a standard Gaussian prior, encouraging a smooth and well-structured latent space. At inference,
sampling different latent codes produces trajectories with varied characteristics like aggressiveness,
comfort, or caution, that are not easily captured by discrete mixture sampling alone. This continuous
formulation allows the model to represent a richer spectrum of driving behaviors while remaining
compatible with the downstream MPC search, which can explore the latent space to find trajecto-
ries that maximize the learned reward. However, while adding a continuous policy module shows
improvement in planning capabilities over edge cases, the module does significantly increase train-
ing complexity and requires dataset-specific tuning. The results in this work do not include the
continuous policy module, but we leave this here as a foundation for future work in this direction.

B TEST-TIME PLANNING VIA LEARNING TO SEARCH

This section provides additional details on the learning-to-search framework summarized in the main
text.

B.1 LATENT WORLD MODEL

We adopt the Recurrent State-Space Model (RSSM) architecture from Dreamer (Hatner et al.| [2022]).
The world model consists of three components:

Encoder. The encoder enc : Z x O x A — Z maps observations to latent states. Given observation
o, previous latent state z;_;, and previous action a;_1:

zy = enc(2¢—1,a¢—1,0¢) (14)
The encoder processes camera images and vehicle state through separate branches before fusing
them into a compact latent representation.

Dynamics Model. The dynamics model f : Z x A — A(Z) predicts the distribution over next
latent states given current state and action:

Zev1 ~ f(zt,a1) (15)
This enables multi-step rollouts in latent space without requiring expensive observation reconstruc-
tion at each step.

Decoder. The decoder dec : Z — O reconstructs observations from latent states and is used only
during training to provide a reconstruction loss that shapes the latent space.

The world model is trained on hybrid data from both Dexperr and Dpglicy using a combination of
reconstruction loss, dynamics prediction loss, and KL regularization:
Lwwm = E [||dec(z) — o¢||* + KL(2|2¢)] (16)

Training on hybrid data ensures the world model is accurate on both expert states and states visited
by the base policy, which is critical for planning recovery trajectories.

B.2 REWARD MODEL

The reward model RM : Z — R scores latent states by how expert-like they are. We train it as a
discriminator using a moment-matching objective:

Lrm = E(z,a,O)NDpuucy [RM(CHC(Z, a, 0))} - E(zva»O)NDEXPe“ [RM(CHC(Z7 @ O))} a7
Minimizing this objective encourages the reward model to assign high scores to expert-like states

and low scores to states characteristic of policy failures. We add a gradient penalty (Gulrajani et al.,
2017) to enforce Lipschitz continuity and stabilize training:

Lap = AopEzp(z) [([V:RM(2)]2 — 1)?] (18)
where 2 is sampled along straight lines between expert and policy latent states. The reward model
is updated online throughout training to ensure it can detect failures of the current policy iteration.

11
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B.3 CRITIC

The critic V' : Z — R estimates long-horizon returns beyond the planning window k. We train it to
predict bootstrapped A-returns:

v = RM(2t) +9 (L= ANV (2) + M) s oy = Vi) (19)
where ~y is the discount factor and A controls the bias-variance tradeoff. The critic is trained to
minimize:

Ly =E[||V(z) —v}|?] (20)

We train an ensemble of 5 critic networks to estimate uncertainty. At inference, we compute the
mean of 2 randomly sampled critics and subtract a penalty proportional to the ensemble standard
deviation, encouraging conservative planning under uncertainty.

B.4 MODEL PREDICTIVE CONTROL

At inference, we solve the following optimization problem to find residual corrections:

k—1
Ay = arg max » o"RM(ze4n) + 7"V (21s) 1)
h=0

titk T

where 2;, is obtained by rolling out corrected actions a?f‘fi w + Ag:e1r in the learned world model.

We solve this using a MPPI, a derivative algorithm of MPC (Kouvaritakis & Cannonl [2016). MPPI
maintains a Gaussian distribution over residuals M (u, o) and iteratively refines it:

1. Sample N candidate residuals: A}, , ~ N(u/,07) forn =1,...,N

2. Roll out each candidate in the world model: =7, , . ~ WM(o¢, as, + A7, )
3. Compute trajectory scores: Q" = Zﬁ;é YRM(27, ) + YV (2] )

4. Update distribution via softmax-weighted average:

o = e@YT) uﬂ'“:iw”ﬂw 22
Y1 exp(Q/7) =

After J iterations, we execute the first corrected action af = ab®¢ + y and replan at the next
timestep in receding-horizon fashion.

B.5 TRAINING PHASES

Following Jain et al.| (2025)), we also schedule our training in three phases:

Phase 1: We collect rollouts using the base hierarchical policy to populate the replay buffer Dpjicy.
We then co-train the world model, reward model, and critic on hybrid data from Dexpert and Dpoiicy -
This phase uses approximately 20% of the total interaction budget and ensures the learned compo-
nents are accurate on the base policy’s state distribution before planning begins.

Phase 2: We deploy the full planning stack and collect rollouts with test-time planning active. We
continue hybrid training of all components on the growing buffer, allowing the world model to
improve on states visited during recovery and the reward model to distinguish the improved policy’s
behavior from expert behavior.

Phase 3: We periodically distill the planner’s outputs back into the base policy. Specifically, we
relabel observations in Dpolicy With actions generated by the full planning stack and fine-tune the
hierarchical policy via behavioral cloning:

7+ argmin Luc({(0r, 67) | 01 € Dyiey}, ) @3)

This recycles test-time compute into an improved base policy, reducing the need for planning when
similar situations arise in the future. Phases 2 and 3 repeat iteratively throughout training.

12
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Table 4: Learning-to-search hyperparameters.

Hyperparameter Symbol Value
Planning horizon k 8
Discount factor o 0.99
A-return coefficient - 0.95
MPC samples N 256
MPC iterations J 6
MPC temperature T 1.0
Critic ensemble size - 5
Gradient penalty coefficient AGp 10.0
Warm-start budget fraction - 0.2
Expert iteration frequency - Every 5 epochs

Table 5: Performance comparison across Vall4, Test14-hard, and Test14 benchmarks. Best results
are in bold, second best are underlined.

Category Method Vall4 Test14-hard Test14
NR R NR R NR R

Expert Log-Replay 9353 8032 8596 68.80 94.03 75.86
PLUTO w/o refine 88.89 78.11 70.03 59.74 89.90 78.62
Learning Diffusion Planner 89.87 82.80 7599 6922 89.19 82.93
Flow Planner 9043 8331 7647 7042 89.88 82.93
PDM-Hybrid 9277 92.11 6599 76.07 90.10 91.28
Hvbrid PLUTO w/refine 89.87 82.80 7599 6922 89.19 82.93
ybn Diff. Planner w/refine 9426 92.90 78.87 82.00 9480 91.75
Flow Planner w/refine  94.31 9238 78.64 80.25 9479 9240
HiDrive 9362 93.15 81.41 83.18 93.71 9231
Hiorarchicg]  HiDrive-Dynamic 9351 9315 81.88 83.17 9372 92.56
HiDrive-QCNet 9342 92.84 8191 8269 9337 91.80
HiDrive-Uniform 9260 92.80 79.98 8256 92.08 91.62
Ours (Diffusion) 89.93 8347 77.63 7138 8926 8281
Ours Ours (FM) 9129 8493 78.19 72.62 90.13 84.39
Ours (FM) w/L2S 9581 9044 81.89 8547 95.61 90.16

B.6 HYPERPARAMETERS

Table 4| summarizes the key hyperparameters used in our experiments.

C RESULTS

Table |5|details performance across the Vall4 and Test14 benchmarks. Our complete method, Ours
(FM) w/L2S, sets a new state-of-the-art on the most challenging Test14-hard benchmark (NR: 81.89,
R: 85.47) and achieves top scores on Vall4 NR (95.81). We observe that HiDrive, a recent competi-
tive baseline, also performs well; since both approaches leverage hierarchical structures, this shared
success strongly validates that decoupling high-level behavior from low-level control is a key design
choice for robust planning. Regarding the generative backbone, Ours (FM), the model with flow
matching, consistently outperforms Ours (Diffusion) (the model with denoising diffusion instead
of FM) across all metrics (e.g., +5.88 on Vall4 NR). We hypothesize that Flow Matching is supe-
rior here because it enforces straighter probability flow trajectories during training, simplifying the
learning objective and resulting in higher-fidelity generation than standard diffusion. Finally, adding
the search module to the FM base yields a massive performance boost (e.g., +12.8 points on Test14-
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hard Reactive), confirming that test-time optimization is essential to recover from base policy errors
in complex scenarios.

Table 6: Ablation study on the source of candidate trajectories for the world model planner. Perfor-
mance is measured on the Test14-NR benchmark.

Method Performance (Test14-NR)
Ours 95.62
Diffusion Policy 79.15
Random Policy 32.16

How much does the WM depend on the base policy? To understand the relationship between
our world model planner and the underlying base policy, we evaluated the planner’s performance
when initialized with candidate trajectories from different sources (Table[6). While our full method
achieves a score of 95.61, replacing the base policy with a standard Diffusion Policy (Ren et al.,
2024) drops performance to 79.15, and using a Random Policy results in a collapse to 32.16. This
indicates that our world model is not a global planner capable of solving the driving task from
scratch. Instead, it functions as a highly effective local refinement module. 1Tt relies on the base
policy to provide a ”warm start”, a distribution of trajectories reasonably close to the expert solution,
which the planner then optimizes. Without a high-quality structural prior from the base policy, the
search space is too vast for the world model to navigate effectively in real-time.

Ablating Design Choices We also ablate certain architectural and training design choices for both
our hierarchical base policy generator and the L2S module. Table[7]shows performative comparisons
of CLS Score on nuPlan Vall4-NR. We see that training that ablating every design choice results in
a drop in overall performance.

Table 7: Ablation study on the source of candidate trajectories for the world model planner. Perfor-
mance is measured on the Test14-NR benchmark.

Method Performance (Val14-NR)
Only Hierarchical Base Policy 91.29
w/o Anchor Consistency 82.75
w/o Curriculum Training Schedule 63.40
Base Policy + L2S 95.81
w/o Critic 84.19
w/o Buffer Initialization 86.02
w/o Joint Training 70.37

Qualitative Evaluation We provide qualitative evidence of the ego vehicle entering “unsafe”
states when the base policy fails to adapt to dynamic environmental changes. Our reward model
identifies these failures by assigning low scores to the base trajectories (blue). In response, the L2S
module leverages the world model to simulate potential outcomes and generates a residual plan to
alter the original base policy during inference (red), ensuring a safe and optimal path is chosen dur-
ing execution. Figures|[Ib, [Tk, 2] and[3]show different ways the residual plan updates the base policy.
This also helps interpreting the model, as we are able to observe different trajectories and the effects
of residuals generated by the world model.

D DISCUSSION

Test-Time Planning as a Complementary Paradigm. Our work suggests that test-time planning
offers a complementary approach to parameter-based adaptation methods like test-time training and
test-time adaptation. Where those methods modify the model to better fit the test distribution, we
instead modify the decisions while keeping the model fixed. This distinction has practical impli-
cations for autonomous driving: planning corrections are local to the current decision and do not

14



Published as a workshop paper at ICLR TTU 2026

0 20 40 60 80 100 120 140
Timestep t (=)

RM(s:) (1)

Figure 2: The original trajectory (blue) causes the ego vehicle to stop behind a stationary vehicle
on a turn. Similar behaviors have also been observed by [Zheng et al.| (2025)) where the ego vehicle
has difficulty executing lateral motion. The residual plan (red) forces the ego vehicle to overcome
this and change lanes beforehand in order to avoid getting stuck behind stationary vehicles. The
orange line is the ground-truth trajectory the vehicle actually took in the simulation with the LQR
controller. Our updated plan also guides the ego vehicle to follow the same trajectory.

RM (1)

0 20 40 60 80 100 120 140
Timestep t (=)

Figure 3: We see examples of two different trajectories rolled out in the WM and scored against the
RM. The original trajectory (blue) results in the ego vehicle colliding with an incoming vehicle at
(t = 50) and later passing a cyclist with an unsafe distance (at ¢ = 110). The new trajectory (red)
avoids this by initializing the ego vehicle with a slower speed from the very beginning, resulting in
an already higher reward, making it easier to stop and wait for incoming traffic. The new trajectory
also guides the ego vehicle a safe distance away from the cyclist.
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risk destabilizing learned behavior elsewhere in the state space. Furthermore, candidate trajecto-
ries can be inspected and filtered against safety constraints before execution, providing a layer of
interpretability and control that implicit parameter updates lack.

Limitations. Our approach inherits limitations from its constituent components. The quality of
test-time planning depends on the accuracy of the learned world model, which may degrade in
scenarios far from both expert and base policy experience. While our hybrid training paradigm
somewhat mitigates this issue, truly out-of-distribution scenarios—such as novel road geometries
or unprecedented traffic patterns—may exceed the world model’s generalization capacity. Addi-
tionally, MPC planning introduces computational overhead at inference time. Although we found
this overhead acceptable for the planning frequencies typical in autonomous driving, real-time con-
straints on embedded hardware may require more efficient search algorithms or distillation of the
planning process into the base policy. Addressing these limitations through improved world model
generalization and reduced inference cost remains an important direction for future work.
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