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Abstract—Foundation Models (FMs) offer promise to ground
Autonomous Vehicle (AV) perception and decision-making in
broad world-knowledge, bridging the limitations of in-domain
data through zero-shot generalization to the long-tail of opera-
tional experience. Embodied reasoning, wherein a vision-language
policy articulates a structured and intelligible Chain-of-Thought
[1] before an embodied decision, has been shown to enhance
policy efficacy [2], in particular, on the hardest decisions [3].
However, two challenges limit embodied reasoning in mature
end-to-end autonomy stacks: 1) Chain-of-Thought reasoning is
computationally expensive, requiring thousands of tokens to
terminate [4], and 2) indiscriminate, laborious reasoning is
unnecessary and may be detrimental in mundane decisions
[5]. In this work, we train an open-source Vision-Language
Action (VLA) model to reason over difficult driving decisions
— identified by high trajectory error from our base policy —
reducing mean Average Displacement Error (ADE) by 19.1%
compared to the base policy in the long-tail of the vehicle’s
experience. We present a hybrid policy composed of our base
and reasoning-based policy by learning a governor from the base
policy’s latent space that anticipates failure with an AUROC of
0.86 on a withheld driving environment, routing to the reasoning-
based policy to reduce mean ADE by 6.4% and 0.5% on the
long-tail and whole vehicle’s experience, respectively, at the cost
of adding 4.4% to mean latency.

Index Terms—Vision-Language Action, Embodied Reasoning

I. INTRODUCTION

Autonomous Vehicles (AV) have made tremendous progress
towards large-scale deployment in recent years e.g., Waymo
One [6], through the careful integration of Artificial Intelli-
gence (AI) into the autonomy stack. In light of the nom-
inal performance enabled by these data-driven algorithms,
a persistent challenge is endowing these systems with the
capability to demonstrate trustworthy behaviors in the long-
tail of the vehicle’s operational experience [7] where data is
sparse and expert supervision is limited. Foundation Models
(FMs) [8], namely, Vision-Language Models (VLMs) [9]–
[11], have emerged as a promising prior for generalist robot
policy learning in low-data regimes given the strong semantic
grounding and vision-language alignment inherited through
self-supervised training on a corpus of human knowledge.
More recently, the robotics community has explored scaling
the computational budget of VLMs, eliciting an intermediate
Chain-of-Thought (CoT) — herein referred to as embodied
reasoning — effectively increasing the model’s depth [12]
before predicting an embodied decision. In practice, this
operational paradigm improves downstream policy efficacy
by e.g., exploring different solution strategies [4], [13] and
enabling a step-by-step reasoning framework [1], drawing
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inspiration from human decision-making processes. Never-
theless, the conclusive performance gains observed through
embodied reasoning are countervailed by a latency penalty
at inference due to the auto-regressive sampling procedure
underlying State-of-the-Art (SoTA) FMs.

Therefore, guided by prior research in FMs demonstrating
that reasoning provides the strongest gain on challenging
queries [3], [5], [15]–[18] and the associated latency required
at inference, we aim to endow an autonomous navigation agent
with embodied reasoning capabilities at critical decision points
where a straightforward, quick-thinking architecture is likely
to struggle. We propose to use the offline trajectory error of
a base Vision-Language Action (VLA) policy as a measure
of task difficulty, suggesting the existence of a non-trivial
decision. Online, we learn a routing algorithm to preemptively
catch failure from the base policy and activate embodied
reasoning for intelligible and trustworthy performance gains,
observing generalization to new driving environments and
unseen road conditions. Concretely, we offer two key con-
tributions:

1) We filter mundane state transitions from a robotics
dataset using a scalable metric, namely, the Average
Displacement Error (ADE), which doubles as a supervi-
sion signal to trigger embodied reasoning at inference.
With these high-impact key-frames, we collect CoT
annotations from a SoTA VLM [19] augmented with
domain priors and train an open-source VLM [14] to
reason over environmental context before committing to
a predicted trajectory offering 19.1% reduction in mean
ADE among difficult driving scenarios compared to the
base policy.

2) We train a 3-layer MLP to recognize the signature of
failure from the latent space of the base policy, achieving
an AUROC of 0.86 on failure detection in a withheld
driving environment. Online, we use the routing algo-
rithm to govern adaptive reasoning, observing a 6.4%
decrease in mean ADE in the long-tail of the robot’s
experience and a 0.5% decrease in mean ADE against
the base policy across the full population of unseen road
conditions.

II. RELATED WORK

Reasoning Triggers in Robotics: Identifying when embodied
reasoning is most beneficial requires scoring data by difficulty;
existing literature filters data according to diversity [20]–[22]
or influence [23], [24]. Alpamayo-R1 [3] selects auto-labeling
instances where the vehicle performs a novel maneuver from
ego-motion history, though these moments are difficult to
identify at inference where only past motion is available.
Most similar to our approach, CounterfactualVLA [5] iso-
lates difficult scenes via the information gain of ground-truth



Fig. 1. GovernorVLA Architecture Overview. (Left) The base policy πθb is instantiated as a fine-tuned Qwen3-VL-4B Vision-Language Action model
[14], consuming a forward-facing camera observation and historical ego-motion to predict future relative waypoints decoded as language tokens. (Center) At
each inference timestep, the terminal embedding of πθb — where visual context and navigation intent are fused prior to trajectory generation — is consumed
by a learned governor rϕ that classifies the driving decision as mundane or sophisticated, governing the activation of fast policy πθb or the slow reasoner
πθs , respectively, akin to a Watt governor on a steam engine sensing load and adjusting the operating regime maintain stable performance. (Right) The slow
reasoning policy πθs elicits an embodied Chain-of-Thought structured as a scene description and causal move justification before committing to a predicted
trajectory, improving trustworthiness in the long-tail of the vehicle’s experience at the cost of additional inference latency.

navigation guidance, training a VLA to implicitly recognize
when self-corrective reasoning improves trajectory error, akin
to AutoVLA [25] and AdaThinkDrive [26]. However, each of
these methods commits to a single operating point determined
at training time, offering no mechanism to trade off false
activations against missed detections at inference. We address
this by training an explicit governor as a separable module,
whose scalar output admits post-hoc threshold calibration,
evaluating generalization through precision and recall on a
withheld driving environment.
Routing Among Specialist Policies: The deployment of gen-
eralist robot policies in a real-time environment necessitates
a balance between predictive accuracy and inference latency.
One potential path forward in the community is to scale the
policy’s computational budget with query difficulty. Existing
literature confronts rare, sophisticated decisions by delegating
control to a conservative fallback policy by e.g., utilizing
the latent embedding space of FMs or the model’s own
uncertainty to detect anomalies [27]–[29]. Our work builds on
this paradigm by preemptively detecting failure and routing
to a high-capacity navigation policy, attempting to improve
closed-loop performance without sacrificing task completion.

Recent efforts in adaptive reasoning outside of robotics
focus on model and inference strategy selection from a
heterogeneous pool [30]–[32] to improve response quality.
Most similar to our approach, [33]–[36] route queries between
models of varying capacity to balance e.g., user preferences
or answer correctness, and the financial cost associated with
querying closed-source API models. However, in embodied
applications, such as autonomous driving, dynamic multi-agent
interactions demand real-time responsiveness and trustworthi-

ness – creating a natural tension that is most acute in rare,
safety-critical scenarios. We build on this emerging paradigm
in closed-loop control by instantiating a hybrid policy with two
fine-tuned 4B parameter VLAs employing different reasoning
strategies, where routing is governed by anticipating trajectory
difficulty and inference latency, rather than API expenditures.

III. PROBLEM FORMULATION

In this work, we consider an autonomous navigation agent
operating with discrete-time dynamics:

xt+k = f(xt+k−1, ut+k|t), k = 1, . . . , H (1)

where xt ∈ X ⊆ Rn and ut ∈ U ⊆ Rm are the state
and control input, respectively, and H denotes the planning
horizon. Concretely, the state is xt = (xt, yt, θt) ∈ X ⊆ R3,
comprising longitudinal position, lateral position, and heading.
The agent outputs navigation commands through a sequence
of H relative waypoints over a fixed horizon Th = H ·ts, with
ts = 0.25 s and H = 24, giving Th = 6 s:

Ut =
(
ut+1|t, ut+2|t, . . . , ut+H|t

)
∈ UH , (2)

where ut+k|t = (∆xt+k|t, ∆yt+k|t, ∆θt+k|t) ∈ U ⊆ R3 is the
relative waypoint k steps ahead, expressed in the body frame
of xt corresponding to time t + k ts. We assume access to a
dataset of expert navigation demonstrations collected across
two geographic regions i.e., D = DUS ∪ DDE, where each
regional subset Dr = {τ (i)}|Dr|

i=1 , r ∈ {US,DE}, consists of
trajectories of the form:

τ (i) =
(
o
(i)
t , x

(i)
t

)T

t=1
,



where o
(i)
t ∈ RHimg×Wimg×C is a forward-facing RGB camera

image and T = Tf · f is the trajectory length, with final time
Tf = 20 s and sample frequency f = 30Hz. Our objective is
to derive a policy πθ capable of trustworthy navigation in the
long-tail of the robot’s experience as measured by the open-
loop ADE relative to ground-truth, without incurring excessive
latency on nominal inputs.

IV. PROPOSED HYBRID POLICY

We decompose the inference policy into two modes: a fast
baseline policy πθb and a slow reasoning architecture πθs ,
inspired by the “Fast” and “Thinking” variants of common
agentic FMs [37], [38]. The two modes may share weights
(θb = θs) or maintain independent parameters (θb ̸= θs),
depending on the deployment setting. The two modes also
share the same environmental context, allowing us to route
instantaneously between each mode at inference by con-
ditioning auto-regressive generation on a natural language
instruction, e.g., lb activates the baseline and ls activates the
reasoning architecture. At each inference timestep t, the policy
conditions on the current camera image ot and a history of
Hpast = ⌊Thist/ts⌋+ 1 relative waypoints, where Thist = 2 s:

It =
(
ot,

(
ut−k|t

)Hpast

k=0

)
. (3)

Fig. 1 provides an overview of the proposed architecture. At
each timestep, the shared environmental context It is passed
to the fast policy πθb , which produces an embedding from
the final layer corresponding to the last input token. The
embedding is consumed by the routing algorithm rϕ, which
determines whether the fast policy’s prediction is sufficient
or whether the slow reasoning policy πθs should be invoked
to produce an embodied chain-of-thought z before waypoint
generation. The following subsections detail each component
in turn: the fast policy (§IV-A), the slow reasoning policy
(§IV-B), the routing algorithm (§IV-C), and the data curation
pipeline that supervises both (§IV-D).

A. Thinking Fast
We directly sample future relative waypoints for low-level

execution from the fast baseline policy, an open-source VLM
[14] fine-tuned to predict action maneuvers, conditioned on
the input context and a basic navigation instruction:

Ut ∼ πθb (· | It, lb) , Ut = (ut+k|t)
H
k=1, (4)

where the waypoints are decoded directly as language to-
kens [39], [40], but importantly, our algorithm does not
preclude alternative decoding strategies [3], [41].

B. Thinking Slow
We instantiate the slow reasoning policy by post-training

the baseline policy with embodied chain-of-thought priors to
justify the vehicle’s maneuver, enhancing downstream action
prediction. Explicitly, at inference we sample the embodied
chain-of-thought and relative waypoints in series from the
reasoning policy πθs conditioned on the input context and a
reasoning-based navigation instruction:

z ∼ πθs(· | It, ls) , (5)

Ut ∼ πθs(· | It, ls, z) , Ut =
(
ut+k|t

)H
k=1

, (6)
where z articulates a scene description and justification for the
selected move statement in natural language.

C. The Governor: Anticipating Critical Decisions
In order to dynamically route between the fast baseline and

the slow reasoning policy, we learn a routing algorithm rϕ
as a shallow Multi-Layer Perceptron (MLP) on the final-layer
embedding of the last input token provided to πθb :

rϕ(It, lb) = σ
(
fϕ(h

(L)
last (It, lb))

)
∈ [0, 1], (7)

where h
(L)
last (It, lb) ∈ Rd is the final transformer layer’s

embedding representation at sequence length L i.e., right
before auto-regressive generation begins, and fϕ : Rd → R is
a 3-layer MLP. Then, we operationalize this binary classifier
by calibrating a decision boundary α ∈ [0, 1] on a withheld
evaluation set, isolating mundane and sophisticated decisions
in a previously unseen environment, which can be used to
shape the model’s output distribution and associated prediction
latency:

Ut ∼

{
πθb(· | It, lb) , rϕ ≤ α,

πθs(· | It, ls, z) , z ∼ πθs(· | It, ls) , rϕ > α.
(8)

D. Reasoning & Routing Algorithm Data Curation
The offline trajectory error of the baseline policy on in-

distribution decisions defines a spectrum along which we
hypothesize routine decisions tend to have low error and
conversely sophisticated decisions tend to have high error.
Therefore, for each trajectory in our training dataset τ (i) ∼
DUS, we augment each decision moment with the ADE from
the base policy against ground-truth:

τ (i) =
(
o
(i)
t , x

(i)
t

)T

t=1
−→ τ̃ (i) =

(
o
(i)
t , x

(i)
t , ϵ

(i)
t

)T

t=1
,

(9)
where ϵ

(i)
t = 1

H

∑H
k=1

∥∥∥û(i),xy
t+k|t − u

(i),xy
t+k|t

∥∥∥
2

with uxy =

(∆x,∆y) ∈ R2 denoting the positional component of the
waypoint (heading ∆θ is excluded), Û(i)

t ∼ πθb(· | I
(i)
t ) the

predicted waypoints and U
(i)
t the ground-truth waypoints over

the H-step horizon.
We isolate the long-tail of the robot’s experience by thresh-

olding nominal experience according to the 90th percentile
of error, creating a subset of operating conditions ripe for
additional CoT annotations; we auto-label the resultant top
10% of error cases with embodied CoT derived from a closed-
source model [19] augmented with domain priors populating
each decision with a scene description and move justification,
inspired by ECoT and Alpamayo-R1 [2], [3].

Separately, we construct a binary classification dataset pair-
ing the terminal embedding with an associated class label
indicating whether the decision requires embodied reasoning
at inference:

y
(i)
t =

{
1 if ϵ(i)t ≥ ϵ90,

0 otherwise,
(10)

where ϵ90 = percentile90

(
{ϵ(i)t }

)
is the 90th percentile of

ADE computed across all time-steps and trajectories in DUS.
The classification dataset is then:

DUS, cls =
(
h
(L)
last

(
I(i)
t

)
, y

(i)
t

)
i, t

, (11)

which is used to train the routing algorithm to identify the
signature characteristics of high error from the base policy.



TABLE I
EFFICACY OF VARIOUS ROUTING STRATEGIES ON THE GERMANY TRANSFER SET (n=26,371). WE HIGHLIGHT THAT ADE90 IS EVALUATED ON THE

ORACLE’S ACTIVATION SUBSET AND PARENTHETICAL VALUES DENOTE RELATIVE CHANGE VERSUS πθb . BEST IN CLASS IS BOLDED.
ADE (m) ↓ ADE90 (m) ↓

Routing Strategy Mean Median P90 Mean Median Latency (s) ↓ Activation (%)

πθb only 4.15 3.15 8.64 11.10 9.75 3.53± 0.15 0.00
πθs only 4.52 (+8.9%) 3.56 (+13.0%) 9.17 (+6.2%) 8.98 (–19.1%) 8.41 (–13.7%) 4.63± 0.58 (+31.2%) 100.00

Random 4.20 (+1.3%) 3.20 (+1.8%) 8.72 (+0.9%) 10.80 (–2.7%) 9.63 (–1.2%) 3.68± 0.46 (+4.4%) 14.00
Mahalanobis 4.25 (+2.3%) 3.28 (+4.0%) 8.73 (+1.1%) 10.39 (–6.4%) 9.42 (–3.4%) 3.96± 0.64 (+12.4%) 39.88
AESOP [27] 4.21 (+1.5%) 3.21 (+1.8%) 8.75 (+1.3%) 10.79 (–2.8%) 9.62 (–1.4%) 3.67± 0.45 (+4.0%) 12.89

Ours 4.13 (–0.5%) 3.14 (–0.4%) 8.68 (+0.5%) 10.38 (–6.4%) 9.43 (–3.3%) 3.68± 0.46 (+4.4%) 14.02

Oracle 3.85 (–7.2%) 3.05 (–3.0%) 7.30 (–15.5%) 8.98 (–19.1%) 8.41 (–13.7%) 3.68± 0.46 (+4.4%) 14.05

V. EXPERIMENTS & DISCUSSION

With a hybrid policy πθ governed by our learned routing
algorithm rϕ, we benchmark our approach against alternative
routing criteria to ablate key design choices. In the following
section, we describe the evaluation dataset, associated baseline
algorithms and compute infrastructure. Then, we analyze our
algorithm’s performance in Table I with discussion to explore
the research question:

RQ What supervision signal is most effective for govern-
ing adaptive reasoning?

A. Experimental Setup

We evaluate πθ and Governor rϕ on the withheld environ-
ment DDE, with 27k driving decisions across 2250 scenes,
to characterize out-of-distribution generalization. We baseline
against: the base policy πθb and reasoner πθs applied naively
at every decision; two self-supervised anomaly detectors,
AESOP [27] and Mahalanobis distance, calibrated to a 5%
false positive rate on DUS using scene embeddings and the
base policy’s terminal embedding, respectively; an oracle with
ground-truth trajectory error; and random activation at 14%,
matching the oracle rate. All experiments are conducted on a
GeForce RTX 5090 GPU with the vLLM inference package.

B. Experimental Results & Discussion

Trajectory error, latency and activation rate statistics for
the hybrid policy on DDE are reported in Table I, alongside

Fig. 2. Router Generalization. Outlier probability predicted from πθb
embeddings vs. ground-truth ADE on the Germany transfer set, demonstrating
reliable discrimination between nominal and long-tail driving scenarios.

isolated statistics on the subset of decisions exceeding the
calibrated US 90th percentile ADE threshold.

An oracle governor establishes the theoretical ceiling in
Table I: activating the reasoner on only difficult decisions
achieves a 7.2% reduction in mean ADE at a 4.4% latency
cost (14% activation rate). While randomly routing to the
reasoner at the same activation rate erases this gain —
producing a 1.3% increase in mean ADE — largely due to
the base policy’s relative strength in straightforward scenarios.
Both self-supervised anomaly detectors — AESOP [27] and
the Mahalanobis distance — support a supervised learning
approach: neither the scene embeddings nor the base policy’s
latent geometry naturally separates mundane and sophisticated
decisions, causing performance gains in the long-tail to be
diluted by false positives.

In practice, our governor rϕ — trained on the base policy’s
latent space, where environmental context and navigation
intent are naturally fused prior to trajectory generation —
is the only strategy to simultaneously reduce mean ADE on
both the long-tail and full population, recovering a 6.4% and
0.5% reductions, respectively, at a 4.4% latency cost (14%
activation rate) compared to πθb . We find that the baseline
algorithms degrade population ADE through spurious activa-
tions, underscoring the strength of a supervised router in the
policy’s latent-space over self-supervised anomaly detection
for judicious adaptive reasoning. As visualized in Figure 2,
the governor achieves an AUROC of 0.86 on DDE with a
51.5% true positive rate at a 5.3% false positive rate — a
deliberate operating point that prioritizes precision over recall,
as spurious activations of the reasoning policy are particularly
costly given the base policy’s strength and the abundance of
mundane decisions across the full population.

VI. CONCLUSIONS

We presented GovernorVLA, a hybrid navigation policy that
routes between a fast base policy and a slow reasoning policy
by anticipating trajectory difficulty from the base policy’s
terminal embedding. Trained entirely on US driving data, the
governor generalizes to a withheld German driving environ-
ment, achieving a 6.4% reduction in mean ADE on difficult
decisions and a 0.5% reduction across the full population at
a modest 4.4% latency overhead — suggesting that a policy’s
own latent geometry is a reliable and deployable proxy for task
difficulty in the long-tail of real-world driving experience.
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