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Abstract—Embodied Chain-of-Thought (CoT) reasoning has
significantly enhanced Vision-Language-Action (VLA) models,
yet current methods rely on rigid templates to specify reasoning
primitives (e.g., objects in the scene, high-level plans, structural
affordances). These templates can force policies to process irrel-
evant information that distracts from critical action-prediction
signals. This creates a bottleneck: without successful policies, we
cannot verify reasoning quality; without quality reasoning, we
cannot build robust policies. We introduce R&B-EnCoRe, which
enables models to bootstrap embodied reasoning from internet-
scale knowledge through self-supervised refinement. By treating
reasoning as a latent variable within importance-weighted vari-
ational inference, models can generate and distill a refined rea-
soning training dataset of embodiment-specific strategies without
external rewards, verifiers, or human annotation. We validate
R&B-EnCoRe across manipulation (Franka Panda in simulation,
WidowX in hardware), legged navigation (bipedal, wheeled,
bicycle, quadruped), and autonomous driving embodiments using
various VLA architectures with 1B, 4B, 7B, and 30B parameters.
Our approach achieves 28% gains in manipulation success,
101% improvement in navigation scores, and 21% reduction
in collision-rate metric over models that indiscriminately reason
about all available primitives. R&B-EnCoRe enables models to
distill reasoning that is predictive of successful control, bypassing
manual annotation engineering while grounding internet-scale
knowledge in physical execution.

I. INTRODUCTION

Vision-Language-Action models (VLAs) have begun to suc-
cessfully harness the momentum of internet-scale foundation
models [1] to serve as powerful generalist robot policies [2, 3].
These models inherit vast semantic and visual knowledge from
Vision-Language Models (VLMs) pretrained on web-scale
image-text corpora [4], and adapt to embodied tasks through
continued training on relatively data-scarce robotics demon-
strations [5–9]. To transform reactive policies that directly
map tasks to actions into models with deeper understanding
of the physical world, recent approaches leverage structured
Chain-of-Thought (CoT) reasoning that bridges the gap be-
tween abstract visual and semantic knowledge and embodied
control [10–12]. Specifically, these VLAs learn to output
intermediate textual reasoning to elucidate the thinking process
of converting high-level intent into low-level control [13].

However, generating effective robotic reasoning traces re-
mains a major bottleneck. Industry currently invests months
in manual annotation guidelines to structure visual and spatial
details [14]. To scale this labeling process, foundation models
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Fig. 1: We generate diverse embodied reasoning primitives and refine
them based on action-prediction information benefit. We bootstrap
policy performance by retraining on these self-refined, high-quality
reasoning traces, discovering embodiment-specific reasoning distri-
butions that reveal effective strategies, significantly improving VLA
task success while producing more efficient CoT traces.

are increasingly used to synthetically generate content in visual
question answering (VQA) style for reasoning primitives (e.g.,
objects in the scene, what the planned steps should be) [15–
18]. Yet, indiscriminately applying these rich, internet-scale
priors for all tasks risks overwhelming embodied reason-
ing VLAs with irrelevant or distracting information [19–21].
Without principled mechanisms to identify which reasoning
primitives predictively inform physical interaction, embodied
CoT models often exhibit verbose reasoning that fails to
ground internet-scale knowledge in robotics contexts [22].
Thus, a critical challenge remains: how do we distill visual

and semantic knowledge to construct action-predictive em-

bodied reasoning data, reducing the burden of manual CoT

engineering [23–25]?
Applying CoT to robotics is hindered by a fundamental

embodiment-to-reasoning grounding gap: unlike VLMs pre-
trained on massive image-text datasets, robotics lacks internet-
scale corpora linking vision and language to action, making it
difficult to verify what reasoning truly informs control. Conse-
quently, the effective reasoning process for physical action re-
mains an unobserved latent variable—there is no oracle to ver-
ify if a thought effectively informs a movement, creating a cir-
cular dependency where robust training requires high-quality
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Fig. 3: Overview of R&B-EnCoRe. (a) We generate diverse reasoning primitives (e.g., Plan, Visible Objects) and combine them via dropout
to warmstart model capturing prior and posterior distributions. (b) We sample candidates from posterior and apply importance weighting to
filter for reasoning that maximizes action prediction power. These refined, high-quality reasoning traces are used to bootstrap the final VLA.

adapts these variational inference techniques to the multimodal
robotics domain, enabling VLAs to refine and bootstrap em-
bodied reasoning without external supervision.
Embodied Reasoning. Recent work on generalist policies
has extended CoT to robotics by generating intermediate
reasoning traces before action prediction [13], finding that
such “thinking” enhances generalization and robustness [11].
Prior work employs diverse reasoning primitives: manipula-
tion policies reason about task decomposition [73, 74], end-
effector position [75, 76], bounding boxes [77], language mo-
tions [10], future frames [78], spatial relations [79–81], and af-
fordances [82–84]. Navigation models similarly have reasoned
about perception [85], planning [86], meta-actions [87], failure
modes [88], and counterfactuals [89, 90]. These methods
typically rely on rigid, structured CoT annotations to ground
visual and semantic knowledge [11, 12, 91, 92]. Determining
the optimal combination of reasoning primitives for a specific
robot and task remains an open challenge; our work formulates
reasoning as a latent variable, allowing the VLA to filter
irrelevant information and bootstrap the strategies most critical
for its specific embodiment.

III. PRELIMINARIES ON VARIATIONAL INFERENCE

In this work, we leverage variational inference to identify
effective embodied reasoning for VLA action generation. We
briefly describe the latent variable model framework and the
Importance Weighted Autoencoder (IWAE), which will serve
as the foundation for our algorithm R&B-EnCoRe (see Fig. 3).

A. Latent Variable Models and the Variational Autoencoders

Given a context C (e.g., observation and task), latent
variable Z (e.g., textual reasoning) and observed variable A
(e.g., action) as in Fig. 2, the objective in Variational Inference
is to find a latent distribution that maximizes marginal log-
likelihood of the ground truth observed data. For generative
model p(Z,A | C) = p(A | C,Z)p(Z | C), which we term
the prior distribution, the objective can be written as:

log p(A | C) = log

Z
p(Z,A | C) dz.

In the rest of the paper, we drop the context C for brevity
when its usage as a conditional variable is implicit.

Typically for generative models, computing this integral is
intractable. Variational Autoencoders (VAE) address this by

introducing a posterior distribution estimate model q(Z | A) to
approximate the true posterior p(Z | A). By applying Jensen’s
Inequality to the evidence, the Evidence Lower Bound (ELBO)
for VAE can be obtained:

log p(A) = log E
Z∼q
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This ELBO is composed of computationally tractable terms.
Note, the difference between ELBOVAE and the true evidence
is the Kullback-Leibler (KL) divergence between the approx-
imate and true posterior: DKL(q(Z | A) ∥ p(Z | A)) [93].

B. Importance Weighted Autoencoders (IWAE)

The IWAE framework [94, 95] improves on VAE by cre-
ating an importance sampling estimate of the evidence via
multiple samples. We can draw K i.i.d. samples Z1, . . . , ZK

from the posterior distribution q(Z | A). The K-sample
importance-weighted lower bound is defined as:

LK
.
= EZ1,...,ZK ∼q(Z|A)

"

log

 
1

K

KX

k=1

p(Zk, A)

q(Zk | A)

!#

.

To see that this is a lower bound on log p(A), we observe
that the expectation of the term inside the log is an unbiased
estimator of the evidence:
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Using Jensen’s Inequality on the concave log function yields:
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where wk = p(Zk ,A)
q(Zk |A) are importance weights. For K > 1,

[94] shows LK+1 ≥ LK ≥ L 1 = ELBOVAE, so by increasing
sample count, IWAE theoretically improves evidence estimate.
In the next section, we propose our algorithm which is based
on a sampling-importance-resampling technique introduced
in [95] that improves upon IWAE by estimating the posterior
distribution using a categorical distribution of the importance
weights. More details on the theory behind this technique can
be found in Appendix C.



Algorithm 1 R&B-EnCoRe: Warmstarting

Require: Dataset D = { (Ci, Ai)} Ni=1, Reasoning Primitives
R , Dropout rate d, VLM M , Foundation Model FM

1: Dwarm ← ∅
2: for each (Ci, Ai) ∈ D do

3: { zR} iR∈R ← Query(FM, (Ci, Ai),R )
4: for j = 1 to M do

5: Construct reasoning trace Zi
j ⊆ { zR} iR∈R by includ-

ing each z ∈ { zR} iR∈R with probability 1− d
6: w.p. 0.5 : Dwarm ← Dwarm ∪ { (Zi

j , A
i | Ci)}

o.w. : Dwarm ← Dwarm ∪ { (Zi
j | Ci, Ai)}

7: end for

8: end for

9: M pq ← Train(M ,Dwarm)
10: return M pq

IV. R&B-ENCORE FRAMEWORK

We propose our approach, R&B-EnCoRe, which treats
embodied reasoning not as a fixed annotation, but as a latent
variable Z that explains the relationship between observation
and task context C and physical action A (Fig. 2).

A. Warmstarting Strategy Hypotheses via Reasoning Dropout

While foundation models possess the capability to reason
about diverse aspects of a physical scene, we lack ground-
truth data determining which specific signals are useful for
low-level robotic control. We hypothesize a set of ρ potentially
relevant reasoning primitives R = {R1, . . . , Rρ} (e.g., high-
level plans, visual objects, subtask breakdowns, ego state) and
extract textual explanations for each by posing them as VQA
tasks to Foundation Models or using human annotated datasets.

To discover the optimal combination of these primitives for
specific tasks, we must expose the model to various strategies
R ⊆ R of combinations during training rather than a single
fixed template. To this end, we construct a “warmstart” dataset
Dwarm by sampling from the powerset of reasoning primitives.
Specifically, for each demonstration (C,A), we generate M
synthetic traces Zj , j ∈ { 1 · · ·M } using Reasoning Dropout
(refer to Alg. 1). Each primitive Rr ∈ R is independently in-
cluded or dropped with a fixed probability d. This mechanism
exposes the model to various reasoning strategies—ranging
from concise to verbose—providing diversity to our refining
stage to identify signals that improve action prediction.

B. Jointly Training Prior and Posterior

We utilize these diverse traces to train a Vision-Language-
Action (VLA) model that serves as the posterior and prior roles
simultaneously, mirroring the encoder-decoder structure of
variational autoencoders but adapted for embodied reasoning
(Fig. 3a). The prior model represents the agent’s ability to
generate reasoning and actions at test time, while the posterior
model represents the ability to explain actions in hindsight.
Specifically, the prior is trained on the warmstart dataset Dwarm
to generate reasoning strategies with correct actions, and the

Algorithm 2 R&B-EnCoRe: Refinement & Bootstrapping

Require: Dataset D = { (Ci, Ai)} Ni=1, M pq , VLM M
1: Drefined ← ∅
2: for each (Ci, Ai) ∈ D do

3: Sample K candidates {Zi
k} Kk=1 ∼ q(·|Ci, Ai)

4: for k = 1 to K do

5: Compute weight w(Zi
k) ←

p(Z i
k ,A

i |C i )

q(Z i
k |C

i ,Ai )

6: end for

7: Sample reasoning trace Zi∗ ∼ Cat(w(Zi
k))

8: Drefined ← Drefined ∪ { (Zi∗, Ai | Ci)}
9: end for

10: M VLA ← Train(M ,Drefined)
11: return M VLA

posterior is trained on the same dataset to propose reasoning
candidates conditioned on actions:
Prior Model p(Z,A | C): Trained on the sequences { (Zj , A |
C)} by conditioning on the context tokens. This represents the
online policy: it observes context C, generates reasoning Zj ,
and predicts action A. This distribution captures the predictive
power of reasoning for control.
Posterior Model q(Z | C,A): Trained on the sequences
{ (Zj | C,A)} by conditioning on context and action tokens.
By conditioning on task C and ground-truth action A, the
posterior learns to generate diverse reasoning Zj , explaining
how action A is the correct response, acting as a proposal
distribution from which we sample action-relevant reasoning.

C. Refining and Bootstrapping via Importance Sampling

We refine VLA reasoning through a two-step process: first,
we use our trained prior and posterior model to generate and
refine reasoning traces through importance sampling; second,
we retrain a VLA with these more action-predictive embodied
reasoning traces.
Stage 1: Information-Beneficial Reasoning (Refine). We
refine the reasoning-enriched data by identifying strategies
that improve action prediction through importance weighting
(Alg. 2). For each demonstration (C,A), we sample K candi-
date reasoning traces {Zk} Kk=1 ∼ q(· | C,A) from the trained
posterior. For each trace Zk, we compute importance weight:

w(Zk) =
p(Zk, A | C)

q(Zk | C,A)
.

Then, we resample a single trace Z∗ from these candidates
according to a categorical distribution proportional to the im-
portance weights Cat(w(Zk)). Intuitively, this process yields
reasoning traces with a natural interpretation—selecting a rea-
soning primitive for inclusion in the final strategy indicates that
it provides information about the correct action. To formalize
this, we define the information benefit of a reasoning strategy
R as how much it reduces the divergence between our model’s
action distribution and the expert’s distribution pdata(A|C):

∆I R

.
= DKL(pdata∥p(A|C,Z�R))−DKL(pdata∥p(A|C,ZR)),
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Fig. 4: This plot shows the reasoning primitives distributions that are generated from R&B-EnCoRe refining warmstarting diverse reasoning
strategy data. In a) the distribution for manipulation shows differences between reasoning for Franka Panda in simulation versus WidowX
hardware in real-world data, notably for Visible Object, Move Explain, and Subtask Explain reasoning primitives. In b) we observe that the
four-legged locomotion embodiments we investigate benefit in similar frequencies across reasoning types, with structural affordances being
critical. For autonomous vehicles, we find in c) that reasoning focuses on goals and constraints.

where ZR and Z�R denote the set of traces with and without
strategy R. Our importance weighting estimates this quantity:

Proposition (Importance Weight Ratios Estimate Informa-
tion Benefit). Under the training (Alg. 1) and sampling

(Alg. 2) procedures, the expected log-ratio of importance

weights equals the information benefit:

EA∼pdata

�

log
EZ∼q[w(ZR) | ZR ∈ ZR]

EZ∼q[w(Z�R) | Z�R ∈ Z�R]

�

= ∆I R.

Proof in Appendix B.

More intuitively, R&B-EnCoRe automatically amplifies rea-
soning strategies that improve action prediction (∆I R > 0)
while suppressing distracting ones (∆I R < 0) in a self-
supervised manner. The result is a refined dataset of concise,
action-predictive reasoning traces tailored to the specific em-
bodiment and task.
Stage 2: Training Action-Aligned Reasoning (Bootstrap).

We bootstrap VLA performance by retraining the model on
the filtered, high-quality reasoning dataset { (Z∗, A | C)}
(Fig. 3b). This yields a policy that reasons about information
beneficial for control. By training on reasoning traces selected
for their information benefit, the final VLA policy learns from
examples where the reasoning is aligned with task success.
This mitigates noise introduced by training on all reasoning
primitives, pruning those that distract from predicting expert
action. Specifically, the model learns from the refined data ro-
bust internal representations that more effectively map context
to action via task-relevant intermediate reasoning.

V. EXPERIMENTS

We report the performance of R&B-EnCoRe across robotic
manipulation (LIBERO-90 and real-world WidowX) in Sec-
tions V-A and V-B, legged navigation (bipedal, wheeled robot,
bicycle, quadruped) in Section V-C, and autonomous driving in
Section V-D. Our evaluation shows that by treating embodied
reasoning as a latent variable, VLAs can refine informative rea-
soning traces with high action-predictive power from internet-
scale priors, without external heuristics, rewards, or verifiers.
For each embodiment, our primary baselines are VLAs with no

reasoning, VLAs trained with all reasoning primitives, and the
prior VLAs with random reasoning primitives. We evaluate in
the following experiments how R&B-EnCoRe guides VLAs to
self-refine their internal decision-making process to align more
closely with expert control and ultimately bootstrap perfor-
mance. We detail our empirical results, structured to evaluate
R&B-EnCoRe’s ability to refine reasoning distributions and
improve task success in a self-supervised manner.

A. LIBERO-90 Franka Panda Manipulation

We evaluate our approach on the LIBERO-90 [96] manip-
ulation benchmark by training a 1B-parameter MiniVLA [6],
which combines a 0.5B Qwen2.5 LLM [97] backbone with
DINOv2 [98] and SigLIP [99] vision encoders. Applying
R&B-EnCoRe, we use a reasoning dropout rate of d =
0.2. The context C includes the scene image and task de-
scription. Following [12], the latent variable Z includes at
most seven reasoning primitives generated by Llama 2 [15]
and Molmo [16]: Plan, Visible Objects, Subtask, Subtask
Explain, Move, Move Explain, and Gripper Position (see
Appendix D-A for details). Action A is seven discrete tokens
encoding a 10-step action chunk [100] via VQ-VAE [101].
More details on LIBERO experiments are in Appendix D-A.

Q1 How effective is R&B-EnCoRe at identifying task-
salient perception reasoning in manipulation, i.e., discern-
ing action-critical objects, without external supervision?

We validate whether R&B-EnCoRe can discern relevant per-
ceptual signals in LIBERO-90. We first apply our framework
exclusively on the Visible Objects reasoning primitive. Using
the architecture described in Section V-A, we restrict the
reasoning to subsets of visible objects. We construct warmstart
data by applying a dropout rate of d = 0.2 to the ground-
truth object list, generating traces with random subsets of the
scene’s objects. This forces the model to explore strategies
ranging from sparse to exhaustive object enumeration.

As shown in Table I, refining visible objects significantly
improves performance, outperforming baselines that reason
with the full object list, random subsets, or no perception
reasoning. This suggests that while perception is useful, ex-
haustive enumeration of every visible object can introduce



R&B-EnCoRe Objects All Visible Objects

<Task>: �put the ketchup in the top drawer of the cabinet�

Fig. 5: Visible Objects generated in LIBERO-90 by R&B-EnCoRe’s
model and a model producing a full list. The latter model attends to
task-irrelevant objects like plate and bowl, while our model emits
reasoning focused on task-critical objects (refer to Appendix G for
full qualitative comparisons).

noise that distracts from the immediate control task. To analyze
refinement quality, we measure the Object Criticality Rate:
the percentage of traces where every listed object is task-
salient, i.e., explicitly mentioned in the a separate dataset
of reasoning primitives (e.g., Plan, Move). Crucially, these
reference primitives act as a separate validation source and
were not used to train the models in this experiment, serving
as an independent proxy for functional relevance. We find
that the baseline model (listing all objects) almost never
produces traces (0.03%) with only task-salient objects. In
contrast, R&B-EnCoRe refines embodied CoT to prioritize
task-relevant signals, increasing criticality rate to > 25% and
filtering irrelevant objects without external guidance (Fig. 5).

Q2 How does R&B-EnCoRe refine verbose reasoning
primitives in manipulation to improve task success?

Applying R&B-EnCoRe to refine a wider set of reason-
ing primitives in LIBERO-90, we see in Table II that
R&B-EnCoRe achieves higher success over other reasoning
strategies while reducing average token count by half com-
pared to reasoning with all primitives. In Fig. 4a, we observe
R&B-EnCoRe yields a refined training distribution of traces
that prioritizes Move, Gripper Position, and Subtask reasoning
primitives (Fig. 4a). Notably, the model assigns high impor-
tance to Move primitives—short meta-action language descrip-
tions. This confirms research findings [10, 87] that generating
these meta-action descriptions provides critical, nonredundant
information that improves expert action prediction. We observe
that R&B-EnCoRe favors the concise Subtask/Move over the
more verbose Subtask/Move Explain, as it prunes redundant
justifications lacking information benefit in action prediction.
Additionally, the Visible Objects primitive appears with low
frequency (20%) in the final distribution. This aligns with our
findings in Q1: listing all objects is generally ineffective.

B. Bridge WidowX Hardware

We evaluate our approach on WidowX hardware by training
with the Bridge v2 Dataset [30] a 7B-parameter OpenVLA [6],
which combines a Llama 2 [97] backbone with DINOv2 [98]

TABLE I: R&B-EnCoRe autonomously identifies critical objects in
LIBERO-90 data that are most predictive of expert actions, pruning
irrelevant objects and improving task success.

Training Strategy Success Rate Object Criticality Rate

No Reasoning 75.9% N/A
List of All Objects 76.1% 0.03%
List of Random Objects 77.0% 3.43%
R&B-EnCoRe on Object List 80.3% 25.02%

TABLE II: Results on analyzing reasoning primitives in LIBERO-
90: Plan, Visible Objects, Subtask, Subtask Explain, Move, Move Ex-
plain, and Gripper Position. R&B-EnCoRe refines action-predictive
reasoning, resulting in shorter traces and improved success rate.

Training Strategy Success Rate Avg. # Gen. Token

No Reasoning 75.9% 10.0
All Primitives 78.6% 256.8
Random Primitives 76.5% 256.6
R&B-EnCoRe 79.5% 129.3

and SigLIP [99] vision encoders. With R&B-EnCoRe, we use
a reasoning dropout rate of d = 0.2, with the same 7 primitives
as in Section V-A, where the reasoning content was generated
in [11] by the Gemini 1.0 [75] model. The action A consists of
seven discrete tokens based on the tokenization of [5, 37]. To
support high-throughput repeated sampling when generating
our synthetic reasoning candidate for refinement, we extended
SGLang-VLA [102, 103] to support rapid inferencing of
reasoning-based [11, 12] Prismatic Models [5, 28]. More
details on Bridge experiments are in Appendix D-B.

Q3 How effective can R&B-EnCoRe enable manipulation
VLAs to generalize when test-time reasoning is suppressed
for speed, compared to reasoning with all primitives?

Since generating textual reasoning traces at test-time can dras-
tically increase latency (often taking several seconds per step),
we first investigate whether VLAs can benefit from reasoning
during training while bypassing the computational cost of
generation during deployment. To this end, we employ “Action
Forcing,” where VLAs are prompted with an Action tag to
immediately generate action tokens, effectively suppressing
the reasoning output. For models trained with R&B-EnCoRe

or random primitives, this capability is emergent: because
some of their training data has no reasoning content due
to dropout, these models can zero-shot generalize to the
Action Forcing prompt. In contrast, the VLA trained with
all reasoning primitives does not have reasoning-free training
data; hence, we post-train this model for some epochs with no
reasoning to acquire this ability, following the findings in [12].

We evaluated four models across 9 tasks totaling 468 trials,
categorized into: In-Distribution, OOD Target (novel target
objects), and OOD Scene/Distractions (cluttered environments
with distracting objects). Task details can be found in the
Appendix E. As seen in our results in Table III, for In-
Distribution tasks, both R&B-EnCoRe and all reasoning prim-
itive models outperform no reasoning and random reasoning
primitives. This result confirms that training on valid reasoning



TABLE III: Success rates on WidowX hardware Bridgev2 setup. Reasoning Models are prompted and/or trained with Action forcing for
reduced latency [12]. In total for the experiments presented in this table, we had 4 models × 9 tasks × 13 trials = 468 total trials.

Category Task No Reason All Primitives Random R&B-EnCoRe

In Distrib.
put red pepper in yellow basket 69.2% 100.0% 92.3% 100.0%

put red pepper on black stove 53.8% 92.3% 46.2% 84.6%
put orange carrot on pink plate 61.5% 76.9% 84.6% 84.6%

OOD Target Object
put blue peacock in sink 46.2% 38.5% 69.2% 76.9%

put orange tape on green towel
(include orange carrot)

38.5% 38.5% 38.5% 76.9%

put pink pepto on green towel 46.2% 30.8% 53.8% 69.2%

OOD Scene with
Distracting Objects

put yellow corn on blue plate
(include pink plate, carrot)

53.8% 69.2% 38.5% 76.9%

put orange carrot in yellow basket
(include distraction objects in basket, sink)

61.5% 92.3% 84.6% 92.3%

first put yellow corn in yellow basket then put
red pepper in yellow basket (human takes corn)

46.2% 30.8% 46.2% 61.5%

PLAN:1. move to the starting position.
           2. grasp the red pepper.
           3. move the red pepper to the yellow basket.
           4. release the red pepper.
           5. move the robotic arm away from the 
yellow basket.
   
VISIBLE OBJECTS: a red pepper [148, 167, 184, 
229], the robot task [111, 1, 201, 151], a yellow 
plastic basket [26, 36, 124, 125], a red pepper [145, 
165, 187, 230]
SUBTASK REASONING: The robotic arm is still 
moving away from the yellow basket.
SUBTASK: 5. move the robotic arm away from the 
yellow basket.
MOVE REASONING: Moving right down allows 
the robotic arm to move away from the yellow 
basket.
MOVE: move right down
GRIPPER POSITION: [161, 134, 169, 142, 174, 159, 
173, 169, 170, 177]

PLAN:1. Navigate to the red pepper. 
2. Grasp the red pepper. 
3. Navigate to the yellow basket. 
4. Release the red pepper into the yellow basket. 
5. Navigate back to the initial position.
VISIBLE OBJECTS: a red pepper [151, 182, 177, 
223], a yellow dish drainer [26, 57, 113, 125], the 
robot task [3, 1, 207, 213], the sink [12, 30, 238, 
247]
SUBTASK REASONING: The red pepper has been 
grasped and the next step is to navigate to the 
yellow basket.
SUBTASK: Navigate to the yellow basket.
MOVE REASONING: Move up to lift the red 
pepper and keep it grasped.
MOVE: move up, close gripper
GRIPPER POSITION: [179, 204, 176, 202, 171, 188, 
162, 164, 148, 134]

PLAN:1. **Approach the **yellow basket** 2. 
**Grasp the **yellow** basket** 3. **Lift** the 
**yellow** basket** 4. **Move** away** 5. 
**Move** towards** the **yellow** basket** 6. 
**Stop**
VISIBLE OBJECTS: a yellow basket and the 
yellow basket is on the [29, 44, 129, 122], a metal 
sink [16, 27, 241, 248], the robot task [52, 1, 131, 
110], and a plastic spoon [149, 1, 190, 100]
SUBTASK REASONING: The **yellow** basket is 
very close to the **yellow** basket** and in front 
of the robotic arm, so the robotic arm needs to 
move   away from the **yellow** basket.
SUBTASK: **Move** away**
MOVE REASONING: The **yellow** basket is 
very close to the **yellow** basket** and in front 
of the robotic arm, so the robotic arm needs to 
move away from the **yellow** basket.
MOVE: **move backward**
GRIPPER POSITION: [92, 100, 87, 109, 84, 117, 
84, 117, 84, 117]

<Task>: “put red pepper in yellow basket”

timestep

All Primitives

SUBTASK REASONING: The robot is in the sink 
and needs to start the task by moving to the 
pepper.
SUBTASK: move to pepper
MOVE REASONING: Move down in the direction 
of the pepper.
MOVE: move down
GRIPPER POSITION: [163, 149, 164, 152, 172, 166, 
176, 180, 180, 185]

VISIBLE OBJECTS: a red pepper [139, 161, 161, 
193], a yellow dish drainer [27, 58, 123, 125], the 
robot task [4, 1, 191, 204]
SUBTASK REASONING: The robot has grasped 
the pepper and is at the yellow basket.
SUBTASK: put red pepper in yellow basket
MOVE REASONING: Open the gripper to release 
the pepper into the basket.
MOVE: open gripper
GRIPPER POSITION: [161, 184, 158, 186, 157, 187, 
158, 182, 163, 165]

SUBTASK REASONING: The pepper has been 
moved to the basket and needs to be released.
MOVE REASONING: The gripper opens to 
release the pepper into the basket.
MOVE: open gripper
GRIPPER POSITION: [84, 62, 77, 68, 76, 70, 75, 
74, 78, 77]

R&B-EnCoRe

timestep

Fig. 6: Sample reasoning traces on WidowX hardware.
R&B-EnCoRe produces more concise and effective reasoning
compared to reasoning on all primitives.

traces improves the underlying policy representation, even
when that reasoning is not explicitly generated at test-time. For
both OOD task groups, reasoning with all primitives suffers
a performance drop, suggesting that rigid, “one-size-fits-all”
templates force the baseline model to attend to specific tasks
or scene features (e.g., OOD distracting objects with the same
color as the target) that may be irrelevant in OOD settings,
confounding the policy. R&B-EnCoRe’s model is robust to
these shifts, having learned to prune irrelevant signals, and
maintains its success rate. Overall, our approach applied
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Fig. 7: Success rates and latency of test-time reasoning on WidowX
hardware. R&B-EnCoRe produces performant reasoning VLAs with
shorter reasoning traces (so faster inference). Reasoning on all prim-
itives degrades performance for cluttered scenes with OOD objects.

in manipulation VLAs on real-world hardware consistently
demonstrates that refining the reasoning distribution during
training aligns the latent representation with successful task
performance without needing to sacrifice test-time speed.

Q4 How does R&B-EnCoRe improve task performance
and reduce test-time reasoning latency compared to base-
line reasoning on all primitives for WidowX hardware?

We perform an ablation study evaluating the performance
and latency of explicit test-time reasoning on the WidowX
robot, comparing R&B-EnCoRe against the baseline trained
on all primitives. We provide traces from a trajectory generated
by models reasoning with all primitives and our approach
in Fig. 6. Results in Fig. 7a show that while in-distribution
performance is comparable, R&B-EnCoRe significantly out-
performs the baseline in OOD settings with distractions,
where the latter’s performance degrades by 31%. This sug-
gests R&B-EnCoRe effectively filters irrelevant strategies that
otherwise yield confounding traces in novel environments.
Furthermore, Fig. 7b demonstrates that R&B-EnCoRe reduces
inference time from > 5 seconds to ≈ 3 seconds per step.
We observed that slow generation creates control lag, often
causing grasped objects to slip during the trajectory. By
pruning verbose reasoning, our approach generates concise
traces with lower test-time latency and improved task success.



Random Primitives R&B-EnCoReAll PrimitivesNo ReasoningGround Truth

<Task> <Action> <Terrain> <Obstacles>

<Affordances> <Plan> <Movements>

<Social> <Counterfactuals>

<Terrain> <Obstacles> <Affordances>

<Plan> <Movements> <Social>

<Counterfactuals>

<Obstacles><Task>

<Action>

<Task>

<Action>

<Task>

<Action>

Follow the path to the end<Task>

<Action> [683,973], [667,872], … [277,312]

Fig. 8: Quadruped Navigation Waypoint Trajectories. The quadruped robot must follow the trail while avoiding slippery ice. No Reason
navigation VLA ignores terrain hazards and traverses the ice. Reasoning with all primitives is confounded by irrelevant signals; while it has
reduced ice contact (perhaps due to affordance reasoning), it fails to follow the path. Random Primitives tracks some of the path but likely
due to lack of affordance reasoning, it traces through a lot of the slippery ice. R&B-EnCoRe identifies the effective reasoning strategy, with
minimal ice contact while maintaining the path, matching the Ground Truth. This example was taken from holdout task set.
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Fig. 9: The NaviTrace score is a normalized metric so 100 is
perfect path alignment with expert, and 0 is the score for the naı̈ve
straight line path down the middle of the scene. R&B-EnCoRe
generally performs best across embodiments on navigation metric,
improving the cumulative score from 19.6 (all primitives) to 39.4
(R&B-EnCoRe). For comparison, native CoT of the Qwen3-VL-30b
model (i.e., querying zero-shot) achieves a score of −260.

C. Legged Robots Navigation

We evaluate the capabilities of R&B-EnCoRe in the context
of legged robot navigation using the NaviTrace dataset [104],
which contains approximately 1000 tasks across 500 unique
scenes for four embodiments: bipedal, wheeled, bicycle, and
quadruped robots. Evaluation is performed on a holdout
subset of these tasks and scenes using a downstream task
metric from [104] that incorporates Dynamic Time Warping
distance, goal endpoint error, and semantic penalties corre-
lating with human preferences. We finetune a Qwen3-VL-
30B-A3B-Instruct [17] Mixture-of-Experts model to process
scene images and task specifications, outputting 2D waypoint
coordinates. To enable fully self-reliant learning, we construct
the reasoning dataset by querying the VLM itself via VQA (so
FM = M in Alg. 1) to generate traces for seven hypothesized
reasoning primitives, e.g., terrain, affordances, social norms.

Q5 How does R&B-EnCoRe self-bootstrap legged loco-
motion navigation VLA performance when refining and
learning from reasoning generated by its base VLM?

By applying R&B-EnCoRe with dropout d = 0.5 to these
self-generated traces, the model refines its own reasoning dis-
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Fig. 10: R&B-EnCoRe prunes uninformative subjective weather
reasoning from refined traces (∼36.7%; lower than other primitives).

tribution to improve the downstream navigation score (Fig. 9).
As in Fig. 4b, we observe that the refined distribution heav-
ily prioritizes reasoning about actionable capabilities of the
environment (Affordances) and proposed movements (Move),
identifying these as critical for successful navigation. We also
observe that counterfactual reasoning is not always necessary,
dropping significantly in frequency, confirming recent find-
ings [89, 90, 105, 106] that counterfactual reasoning is only
reserved for specific decision moments. These results provide
evidence for significant promise that frontier VLMs can self-
bootstrap performance by synthetically generating VQAs on
embodied reasoning and self-refining their data.

Q6 How effective is R&B-EnCoRe in pruning patently
irrelevant reasoning primitives like subjective descriptions
of weather for legged navigation?

We introduce an uninformative reasoning primitive, subjective
description of the weather, to the training data. Analyzing the
reasoning distribution produced by R&B-EnCoRe in Fig. 10,
we see our approach successfully identifies “weather” de-
scriptions as largely irrelevant to the navigation task, pruning
this primitive significantly more aggressively than others.
Conversely, the model retains reasoning related to obstacles,
affordances, and social norms. This refined primitive distribu-
tion provides evidence that R&B-EnCoRe can effectively filter
out patently irrelevant information, generating high-quality
relevant reasoning strategies tailored to the specific needs of
various embodiments of legged locomotion navigation.



TABLE IV: Performance comparison of AV with UniAD metrics.
R&B-EnCoRe is able to refine reasoning traces and reduce deviation
from ground truth path and collision rate. For comparison, zero-shot
native chain-of-thought achieves suboptimal 10.35m average L2 error.

L2 Path Error (m) Collision Rate (%)

Method 1s 2s 3s Avg 1s 2s 3s Avg

No Reasoning 0.22 0.62 1.34 0.72 0.10 0.25 1.11 0.49
Full Reasoning 0.22 0.64 1.33 0.73 0.07 0.17 0.91 0.38
Random 0.22 0.62 1.31 0.72 0.05 0.20 0.81 0.35
R&B-EnCoRe 0.21 0.59 1.25 0.68 0.05 0.17 0.70 0.30

<What is the mission goal?> RIGHT
<What do you perceive in the scene?> Object type: 
car, object id: 1, future waypoint coordinates...
<What is a similar past experience?> Most similar 
driving experience from memory with confidence: 
0.47… [(0.27,4.98),… (5.99,29.12)]
<What are the collidable objects?> None
<What is the driving plan?> Change lane right with 
a constant speed 
<What are the notable objects?> None
Planned Trajectory: [(0.07,4.82), (0.22,9.62), 
(0.46,14.38), (0.84,19.13), (1.31,23.85), (1.91,28.53)]

<What is the mission goal?> LEFT
<What do you perceive in the scene?> Object type: 
truck, object id: 1, future waypoint coordinates…
<What are the collidable objects?> None
<What is the driving plan?> Left with a deceleration
Planned Trajectory: [(0.07,4.85), (0.15,9.58), 
(0.10,14.12), (-0.12,18.40), (-0.52,22.46), 
(-1.21,26.24)]

No Reasoning All Primitives R&B-EnCoRe

Planned Trajectory: [(0.07,4.87), (0.18,9.69), 
(0.33,14.43), (0.51,19.12), (0.71,23.76), (0.93,28.30)]

Ground Truth Path
Predicted Path

Fig. 11: Planned trajectories comparing driving VLAs using reason-
ing by R&B-EnCoRe’s model and a model producing a full list.

D. Autonomous Vehicles

We extend R&B-EnCoRe to the autonomous vehicle (AV)
nuScenes dataset [32] and study how reasoning traces for driv-
ing VLAs changes under our method. We leverage traces from
pioneering LLM agent-based planners [85, 86], repurposed for
training the reasoning component of a driving VLA. Specifi-
cally, we finetune a Qwen3-VL-4B-Instruct Dense Model [17]
to take in the front camera image, and output the ego-vehicle’s
planning trajectory over 3 seconds. We report evaluation using
the UniAD [107] planning metrics on the held-out validation
set (refer to Appendix D-D for evaluation details). In this
section, we aim to refine these commonly used reasoning
traces to improve downstream performance.

Q7 How does R&B-EnCoRe further refine human-crafted
reasoning for Autonomous Vehicle data?

To evaluate R&B-EnCoRe with reasoning dropout of d =
0.5 against handcrafted reasoning traces, we compare our
method to using all reasoning primitives from [86], a ran-
dom reasoning strategy, and no reasoning (Table IV). While
all reasoning components reduce collision rate, they slightly
increase L2 error compared to no reasoning, suggesting ir-
relevant information may harm trajectory prediction perfor-
mance. R&B-EnCoRe is able to reduce irrelevant components
(Fig. 4c) and subsequently improve downstream trajectory
prediction (Fig. 11), suggesting that the embodied domain of
autonomous vehicle VLAs can benefit from reasoning trace
refinement, which has traditionally been handcrafted [87, 108].

Q8 How does R&B-EnCoRe’s performance for AV scale
with respect to the number of posterior samples?

To understand how performance scales with the number of
posterior samples, we ablate the variational inference param-

� �� �� �� �� �� ��

�������������������������������

�

���

���

���

�
�
��
��
��
�
��
�
��
��
�
�

������������������������ ����������������������������

Fig. 12: Collision Rate scaling with posterior inference. More
samples K from posterior distribution results in improved action
prediction estimate, and ultimately lower collision rate. Scaling curve
fitted with Collision Rate = (3.65/K )1.65 + 0.25.

eter K in Fig. 12. We observe that increasing the number
of posterior samples improves performance on the collision
rate metric, with performance saturating around 16 samples,
substantiating that the multi-sampling IWAE process used by
R&B-EnCoRe yields tighter bounds with increased samples.

VI. DISCUSSION AND CONCLUSION

We introduced R&B-EnCoRe, which treats embodied rea-
soning as a latent variable to ground internet-scale priors in
physical control. Using importance-weighted variational in-
ference, R&B-EnCoRe autonomously filters chain-of-thought
traces to identify expert action-predictive, embodiment-
specific reasoning without external supervision. Across ma-
nipulation, legged navigation, and autonomous driving, our
method significantly outperforms fixed baselines. Notably,
R&B-EnCoRe’s effectiveness improves with the diversity and
coverage of warmstart primitives rather than their individ-
ual quality: action-uninformative primitives are automatically
down-weighted by the importance-sampling step, and in the
limit where no primitive carries predictive signal the vari-
ational objective (see Appendix B and C) converges to an
empty reasoning trace. While our approach trains an additional
prior-posterior distribution model, the posterior effectively
functions as a high-quality synthetic data generator, allowing
for controlled, reward-free exploration of reasoning strategies
that can further enhance policy robustness. Future research can
investigate applying this framework to continual learning set-
tings, as well as prompting mechanisms that are more native to
the base VLM architecture, viewing the posterior as an answer
explainer and the prior as a solution reasoning-answer gen-
erator. Such approach could further improve R&B-EnCoRe

scalability for larger models where warmstart training may be
computationally prohibitive.
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[26] Andreas Steiner, André Susano Pinto, Michael Tschan-

nen, Daniel Keysers, Xiao Wang, Yonatan Bitton,
Alexey Gritsenko, Matthias Minderer, Anthony Sher-
bondy, Shangbang Long, et al. Paligemma 2: A
family of versatile vlms for transfer. arXiv preprint

arXiv:2412.03555, 2024.
[27] Michael Tschannen, Alexey Gritsenko, Xiao Wang,

Muhammad Ferjad Naeem, Ibrahim Alabdulmohsin,
Nikhil Parthasarathy, Talfan Evans, Lucas Beyer,
Ye Xia, Basil Mustafa, et al. Siglip 2: Multilingual
vision-language encoders with improved semantic un-
derstanding, localization, and dense features. arXiv

preprint arXiv:2502.14786, 2025.
[28] Siddharth Karamcheti, Suraj Nair, Ashwin Balakrishna,

Percy Liang, Thomas Kollar, and Dorsa Sadigh. Pris-
matic vlms: Investigating the design space of visually-
conditioned language models. In Forty-first Interna-

tional Conference on Machine Learning, 2024.
[29] Abby O’Neill, Abdul Rehman, Abhiram Maddukuri,

Abhishek Gupta, Abhishek Padalkar, Abraham Lee,
Acorn Pooley, Agrim Gupta, Ajay Mandlekar, Ajinkya
Jain, et al. Open x-embodiment: Robotic learning
datasets and rt-x models: Open x-embodiment collabo-
ration 0. In 2024 IEEE International Conference on

Robotics and Automation (ICRA), pages 6892–6903.
IEEE, 2024.

[30] Homer Rich Walke, Kevin Black, Tony Z. Zhao, Quan
Vuong, Chongyi Zheng, Philippe Hansen-Estruch, An-
dre Wang He, Vivek Myers, Moo Jin Kim, Max Du,
Abraham Lee, Kuan Fang, Chelsea Finn, and Sergey
Levine. Bridgedata v2: A dataset for robot learning
at scale. In Jie Tan, Marc Toussaint, and Kourosh
Darvish, editors, Proceedings of The 7th Conference on

Robot Learning, volume 229 of Proceedings of Machine

Learning Research, pages 1723–1736. PMLR, 06–09
Nov 2023.



APPENDIX B
PROPOSITION

Proposition (Importance Weights Capture Information Gain). Let A ∼ pdata(A | C) be the observed ground-truth action and

Z be a latent reasoning variable. We partition the reasoning space into disjoint sets ZR and Z�R.

We assume that we construct our latent reasoning dataset Z = ZR ∪ Z�R so the latents Z�R without reasoning primitive

or more generally strategy R are sampled with constant “dropout probability” d and each latent ZR with reasoning R

with constant probability 1 − d, and then we train both the prior latent generation p(Z | C) and posterior q(Z | C,A) on

the constructed dataset. Crucially, because Alg. 1 applies reasoning dropout independently of the action A, the conditional

probability of the reasoning partition in the ground-truth data is constant. Therefore, assuming the models p and q converge

to the underlying data distribution during training in Alg. 2, we have the point-wise equality for all A:

p(ZR | C) = q(ZR | C,A) = (1− d),

p(Z�R | C) = q(Z�R | C,A) = d.

We define the information benefit of of a reasoning strategy R as how much it reduces the divergence between our model’s

action distribution and the expert’s distribution pdata(A | C):

∆I R

.
= DKL(pdata∥p(A | C,Z�R))−DKL(pdata∥p(A | C,ZR))

Then, the expected log-ratio of the importance weights (defined as w(Z)
.
= p(A,Z|C)

q(Z|C,A) ) assigned to reasoning traces ZR with

the strategy versus reasoning traces Z�R without the strategy is:

E
A∼pdata

log
EZ∼q[w(Z) | Z ∈ ZR]

EZ∼q[w(Z) | Z ∈ Z�R]
= ∆I R.

Proof: The expected importance weight for reasoning traces from the partition ZR is:

WR

.
= E

Z∼q
[w(Z) | Z ∈ ZR]

=

Z

ZR

p(A | C,Z)p(Z | C)

q(Z | C,A)
q(Z | C,A,ZR)dZ

Using identity q(Z | C,A) = q(Z | C,A,ZR)q(ZR | C,A) for Z ∈ ZR:

WR =

Z

ZR

p(A | C,Z)p(Z | C)

q(Z | C,A,ZR)q(ZR | C,A)
q(Z | C,A,ZR)dZ

=
1

q(ZR | C,A)

Z

ZR

p(A | C,Z)p(Z | C)dZ

This integral is the joint probability of the data and the partition, p(A,ZR | C).

WR =
p(A,ZR | C)

q(ZR | C,A)
=

p(A | C,ZR)p(ZR | C)

q(ZR | C,A)

Similarly for the Z�R partition:

W�R =
p(A | C,Z�R)p(Z�R | C)

q(Z�R | C,A)

Now we look at the ratio WR/W�R. This allows us to separate the Likelihood term (predictive power) from the Prior/Posterior
reasoning distribution.

WR

W�R
=

p(A | C,ZR)

p(A | C,Z�R)
| {z }

Likelihood Ratio

×
�

p(ZR | C)/q(ZR | C,A)
p(Z�R | C)/q(Z�R | C,A)

�

| {z }
= 1 (from assumption)

Taking the log of the ratio and expectation over A ∼ pdata, and recalling the definition of cross-entropy and KL Ep[log q] =
−H(p)−DKL(p∥q), where H(·) measures entropy of a distribution:



E
A∼pdata

log
EZ∼q[w(Z) | Z ∈ ZR]

EZ∼q[w(Z) | Z ∈ Z�R]
= E

A∼pdata

�

log
WR

W�R

�

= E
A∼pdata

�

log
p(A | C,ZR)

p(A | C,Z�R)

�

= E
A∼pdata

[log p(A | C,ZR)]− E
A∼pdata

[log p(A | C,Z�R)]

= (−H(pdata)−DKL(pdata∥p(A | C,ZR)))

− (−H(pdata)−DKL(pdata∥p(A | C,Z�R)))

= DKL(pdata∥p(A | C,Z�R))−DKL(pdata∥p(A | C,ZR))

= ∆I R

A. Empirical Support for Assumption

In the proposition, one assumption we make is that the probability of a reasoning traces with strategy R from the trained
prior p(ZR | C) and posterior q(ZR | C,A) is (1 − d), which is 1 minus the dropout rate. We make this assumption
because of how we train in Alg. 1 the prior and posterior models: specifically they both are trained with the same underlying
distribution of reasoning data where the primitives are dropped out with probability d. We empirically validate this assumption
by investigating the reasoning primitive frequencies from the raw prior and posterior distributions in Fig. 13 for the LIBERO-90
reasoning setting where the dropout rate d = 0.2. Overall we observe that the reasoning primitive distributions are quite close
to 1− d = 0.8.
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Fig. 13: Reasoning primitive distributions from the raw poseterior and prior distributions. Note this is before the reweighting and
importance sampling step (minor gaps due to warmstarting sampling noise and potential base model prior bias).

APPENDIX C
IMPORTANCE-WEIGHTED VARIATIONAL INFERENCE WITH CATEGORICAL RESAMPLING

In the main text, we introduced the Importance Weighted Autoencoder (IWAE) framework [94], which provides a tighter lower
bound on the log-evidence through multiple importance-weighted samples. Our algorithm R&B-EnCoRe employs an improved
variant of this approach that uses categorical resampling from importance weights, following the theoretical developments in
Cremer et al. [95]. This section provides the theoretical justification for this approach and relates it to our method based on
sampling-importance-resampling (SIR).

A. From IWAE to SIR IWAE

Recall from Section III that the K-sample IWAE bound is defined as:

LK
.
= EZ1,...,ZK ∼q(Z|A)

"

log

 
1

K

KX

k=1

wk

!#

, (1)

where wk = p(Zk ,A)
q(Zk |A) are the importance weights.

A closer look at this bound shows we can apply sampling-importance-resampling (SIR) [93]. Consider the following
procedure:



1) Sample K candidates {Zk} Kk=1 from the proposal distribution q(Z|A)
2) Compute importance weights wk for each candidate
3) Resample a single latent Z∗ from a categorical distribution proportional to the weights: Z∗ ∼ Cat({wk} Kk=1)

This resampling procedure induces an improved proposal distribution q̃(Z|A) that is defined implicitly through the SIR
process. Critically, Cremer et al. [95] showed that this categorical resampling can be understood as sampling from a distribution
that achieves a tighter IWAE bound:

Proposition (Categorical Resampling Bound Adapted from [95]). Let q̃(Z | A) denote the distribution induced by the

categorical resampling procedure described above. Then, as K → ∞, we have that q̃(Z | A) → p(Z | A), the true posterior.

Furthermore, for the importance weighted lower bound:

L̃K
.
= EZ∼q̃(Z|A)

�

log
p(Z,A)

q̃(Z | A)

�

,

and for K ≥ 1, the bounds satisfy log p(A) ≥ L̃K ≥ LK ≥ L 1 = ELBOVAE.

This interpretation reveals that the IWAE bound can be viewed as training with an improved proposal distribution q̃(Z|A)
that is obtained through the resampling procedure. Importantly, this improved proposal q̃(Z | A) is provably closer to the true
posterior p(Z | A) than the original q(Z | A).

B. Practical Advantages of SIR IWAE

The categorical resampling interpretation provides several practical advantages for our embodied reasoning application:
Policy Improvement Guarantee The resampling procedure acts as a non-parametric policy improvement operator. Each
resampled trace Z∗ is theoretically guaranteed in expectation to come from a distribution that provides a theoretically tighter
bound on log p(A) than the original proposal q(Z|A).
Interpretable Refined Training Data Rather than computing expectations over the continuous distribution defined by the
log-sum-exp of importance weights, we obtain samples from the improved posterior estimate q̃(Z|A). This is important for our
setting where we generate concrete reasoning traces Z∗ to refining the original reasoning distribution and augment the training
data. These reasoning traces can provide better interpretability and insight into what action-predictive embodied reasoning is.
Computational Efficiency For synthetic data generation at scale, generating K samples and resampling once is more efficient
than computing gradients through the log-sum-exp operation required for standard IWAE training.
Data Augmentation Compatibility The discrete resampling naturally produces a refined dataset where each demonstration
(C,A) is paired with a single high-quality reasoning trace Z∗, making it directly compatible with standard reasoning VLA
model training pipelines.

C. Adapting SIR IWAE in R&B-EnCoRe

In our embodied reasoning setting, we apply this categorical resampling framework as follows:
1) The Surrogate Posterior as Proposal Distribution: During the Warmstarting training in Alg. 1, we have trained a model

M pq that parameterizes both:
• The joint distribution: p(Z,A|C)
• The approximate posterior: q(Z|C,A)

For each demonstration (Ci, Ai) in our dataset, we use q(·|Ci, Ai) as the proposal distribution to generate K candidate
reasoning traces {Zi

k} Kk=1 (Alg. 1 Line 3).
2) Importance Weight Computation: For each candidate Zi

k, we compute the importance weight (Alg. 1 Line 4-6):

w(Zi
k) =

p(Zi
k, A

i|Ci)

q(Zi
k|Ci, Ai)

. (2)

These weights can be computed efficiently using the model’s log-probabilities for the respective conditioning patterns.
3) Categorical Resampling for Data Refinement: We then resample a single trace Z∗

i from the categorical distribution
(Alg. 1 Line 7):

Zi∗ ∼ Cat





(
w(Zi

k)P K

k′=1 w(Z
i
k′)

) K

k=1



 . (3)

By Proposition C-A, this trace Zi∗ is sampled from the improved distribution q̃(Z|Ci, Ai) that provides a tighter bound on
the true posterior than the original q(Z|Ci, Ai).



D. Contextualizing Information Benefit in SIR IWAE

Our algorithm leverages the sampling-importance-resampling (SIR) procedure to provide a rigorous framework for
quantifying the value of reasoning in terms of its information benefit for expert action prediction. To understand this connection,
we relate the improved posterior distribution q̃(Z|A) induced by SIR IWAE to the specific reasoning strategies selected during
resampling. We demonstrate that this categorical resampling step naturally shifts the distribution of reasoning strategies by
exactly the amount they improve action prediction; specifically, the model’s “Refined Preference” for a strategy mathematically
decomposes into its “Information Benefit” plus its initial “Warmstart Preference.” Consequently, reasoning strategies that reduce
divergence from the expert action distribution are automatically amplified, while distracting strategies are suppressed, allowing
the model to autonomously filter for action-predictive reasoning without external supervision.

Recall our definition of information benefit for a reasoning strategy R:

∆I R

.
= DKL(pdata∥p(A|C,Z�R))−DKL(pdata∥p(A|C,ZR)),

where ZR denotes the set of reasoning traces that include strategy R, and Z�R denotes traces that exclude it. A positive ∆I R

indicates that reasoning with strategy R brings the model’s action distribution closer to the expert’s, while a negative value
indicates that the strategy is distracting.

1) How SIR Reweights Reasoning Strategies: The improved posterior q̃(Z|A) induced by categorical resampling does not
uniformly upweight all reasoning traces. Instead, it selectively amplifies traces based on their importance weights w(Z) =
p(Z,A|C)
q(Z|C,A) , which measure how well each trace aligns with both the model’s generative distribution and the expert action.

To formalize this, consider partitioning the reasoning space into ZR and Z�R. When we draw K candidate samples {Zk} Kk=1 ∼
q(Z|C,A) and resample according to normalized importance weights, the probability that the resampled trace Z∗ ∼ q̃(Z|C,A)
belongs to ZR is:

q̃(ZR | C,A) = E
Z1,...,ZK ∼q(Z|C,A)

"
KX

k=1

w(Zk)
P K

k′=1 w(Zk′)
· 1Zk ∈ZR

#

= E
Z1,...,ZK ∼q(Z|C,A)

"
1
K

P K

k=1 w(Zk) · 1Zk ∈ZR

1
K

P K

k′=1 w(Zk′)

#

. (4)

This expression captures the stochastic resampling process: each candidate Zk is selected with probability proportional to
its importance weight w(Zk), so this is the probability that the selected candidate belongs to ZR.

2) The Large-K Limit: Relating SIR to Expected Importance Weights: To understand how SIR affects strategy selection,
we analyze the large-K limit where the law of large numbers provides intuition. As K → ∞, the sample averages converge
to expectations:

1

K

KX

k=1

w(Zk) · 1Zk ∈ZR

K→∞
−−−−→ E

Z∼q
[w(Z) · 1Z∈ZR

]. (5)

We can decompose this expectation by conditioning on the set membership:

E
Z∼q

[w(Z) · 1Z∈ZR
] =

Z

ZR

w(z) q(z|C,A) dz

=

�Z

ZR

q(z|C,A) dz
�

| {z }
q(ZR|C,A)

·

R
ZR

w(z) q(z | C,A) dz
R
ZR

q(z|C,A) dz
| {z }

EZ ∼q [w(Z)|Z∈ZR]

= q(ZR|C,A) · E
Z∼q

[w(Z)|Z ∈ ZR]. (6)

Similarly, the denominator converges:
1

K

KX

k′=1

w(Zk′)
K→∞
−−−−→ E

Z∼q
[w(Z)]. (7)

Therefore, in the large-K limit, the improved posterior assigns the following probability to ZR:

q̃(ZR|C,A) =
q(ZR|C,A) · EZ∼q[w(Z)|Z ∈ ZR]

EZ∼q[w(Z)]
. (8)

This demonstrates the reweighting mechanism in the new categorical importance sampled distribution: the improved posterior
q̃ modifies the original probability q(ZR|C,A) by a factor equal to the ratio of the conditional expected importance weight
(within ZR) to the overall expected importance weight.



3) Quantifying Strategy Preference Through Probability Ratios: To understand how SIR shifts preference between reasoning
strategies, we examine the ratio of probabilities assigned to ZR versus Z�R. For the improved posterior:

q̃(ZR|C,A)
q̃(Z�R|C,A)

=
EZ∼q[w(Z)|Z ∈ ZR]

EZ∼q[w(Z)|Z ∈ Z�R]
·
q(ZR|C,A)
q(Z�R|C,A)

(9)

We consider two components:
• Warmstart Preference for R: log q(ZR|C,A)

q(Z
�R
|C,A) represents the (log) prior preference for strategy R in the original proposal

distribution q, which is induced by our warmstart training with reasoning dropout rate d.
• Importance Weight Ratio: The term EZ ∼q [w(Z)|Z∈ZR]

EZ ∼q [w(Z)|Z∈Z
�R
] quantifies how much more (or less) the model values traces with

strategy R in terms of their alignment with the joint distribution p(Z,A|C).
From our warmstart training procedure (Alg. 1), we construct the latent dataset with reasoning dropout such that each

strategy R is independently included with probability 1− d and excluded with probability d. So, as in the assumptions from
Section B, this induces:

q(ZR|C,A)
q(Z�R|C,A)

=
1− d

d
. (10)

Substituting Equation (10) into Equation (9), we obtain:
q̃(ZR|C,A)
q̃(Z�R|C,A)

=
EZ∼q[w(Z)|Z ∈ ZR]

EZ∼q[w(Z)|Z ∈ Z�R]
·
1− d

d
. (11)

We define the Refined Preference for R as the log-ratio of probabilities of reasoning with strategy R and without strategy
R in the improved posterior, averaged over the expert action distribution:

Refined Preference for R := E
A∼pdata

�

log
q̃(ZR|C,A)
q̃(Z�R|C,A)

�

.

Note that the improved posterior distrution q̃(· | C,A) is the source for the refined reasoning training data for the VLA model
in Alg. 2.

Expanding this expectation:

E
A∼pdata

�

log
q̃(ZR|C,A)
q̃(Z�R|C,A)

�

= E
A∼pdata

�

log
EZ∼q[w(Z)|Z ∈ ZR]

EZ∼q[w(Z)|Z ∈ Z�R]
+ log

1− d

d

�

= E
A∼pdata

�

log
EZ∼q[w(Z)|Z ∈ ZR]

EZ∼q[w(Z)|Z ∈ Z�R]

�

| {z }
∆IR (by Proposition of Sec IV-C)

+ log
1− d

d| {z }
Warmstart Preference

= ∆I R + log
1− d

d
. (12)

4) Information Benefit Drives Strategy Selection: Equation (12) reveals the fundamental insight that the refined preference
for a reasoning strategy R, which characterizes the new refined reasoning training dataset, decomposes into two terms:

Refined Preference for R = Information Benefit of R+ Warmstart Preference for R

This decomposition has a clear interpretation:
• The Warmstart Preference (log 1−d

d
) is a constant baseline that reflects the prior probability of including strategy R

during warmstart training.
• The Information Benefit (∆I R) represents the additional preference shift induced by categorical resampling based on

importance weights. This term is strategy-specific and captures how much the strategy improves action prediction.
This demonstrates that the R&B-EnCoRe’s SIR IWAE procedure systematically adjusts the distribution of reasoning strategies

based on their utility for action prediction:
a) Positive Information Benefit (∆I R > 0): When strategy R improves action prediction, traces in ZR receive higher

importance weights on average than traces in Z�R. Categorical resampling amplifies the probability of selecting traces with R,
increasing its representation in the refined dataset beyond the warmstart baseline.

b) Negative Information Benefit (∆I R < 0): When strategy R distracts from action prediction, traces in ZR receive
lower importance weights on average. Categorical resampling suppresses the probability of selecting traces with R, decreasing
its representation below the warmstart baseline.

c) Zero Information Benefit (∆I R = 0): When strategy R provides no information about actions, the importance weight
ratio is unity (in expectation), and the refined preference equals the warmstart preference. The strategy’s representation remains
unchanged.





APPENDIX D
EXPERIMENTAL DETAILS

This section provides comprehensive details on the training procedures, inference protocols, and reasoning primitive
specifications for all experimental domains evaluated in this work.

A. LIBERO-90 Manipulation

1) Model Architecture and Training: We employ the MiniVLA architecture [6] with a 1B-parameter configuration, consisting
of a 0.5B Qwen2.5 language model backbone [97] combined with DINOv2 [98] and SigLIP [99] vision encoders. Actions are
represented as seven discrete tokens encoding a 10-step action chunk [6, 37] via VQ-VAE tokenization [101] with codebook
size of 256.
Implementation. We adapt the codebase from [11] to implement MiniVLA with VQ-VAE action tokenization. Note that while
we follow the architectural principles from [12], their code, models, and detailed hyperparameters were not publicly available
at the time of our experiments, so we could not directly verify or reproduce their specific implementation details.
Warmstart Training. The prior-posterior model M pq is trained on 64 NVIDIA A100 GPUs (40GB) with a total batch size of
512. Training continues until the model achieves 95% action token prediction accuracy on the training set. We apply reasoning
dropout with rate d = 0.2 to generate diverse reasoning strategy combinations as described in Alg. 1.
Reasoning VLA Training. Following the refinement procedure (Alg. 2), we train the final VLA model M VLA from the base
model initialization to ensure fair comparison with baseline methods. This model is trained on the refined dataset Drefined with
the same hardware configuration and stopping criterion (95% action token accuracy).
Posterior Sampling. During the refinement stage, we sample K = 8 reasoning candidates from the posterior distribution for
each demonstration.

2) Reasoning Primitives: We utilize seven reasoning primitives for manipulation tasks, with content generated from the
foundation models Llama 2 [15], Molmo [16] following the data from previous work [12]:

• Plan: High-level task decomposition into sequential subtasks.
• Visible Objects: Enumeration of objects detected in the scene using 2D bounding boxes.
• Subtask: Current subtask or immediate goal the robot should accomplish.
• Subtask Explain: Detailed justification for why the current subtask is necessary. In [12] this was called Subtask Reasoning,

and we trained using the phrase Subtask Reasoning, but for the sake of clarity and differentiating the usage of the word
Reasoning we call this Subtask Explain in the main paper.

• Move: Meta-action language description of the intended motion (e.g., “move gripper to object”).
• Move Explain: Detailed reasoning explaining why the proposed movement is appropriate. Like Subtask Explain, this

primitive was called Move Reasoning in the [12] and we trained our traces using the phrase Move Reasoning.
• Gripper Position: 2D waypoint representation of the end-effector’s spatial coordinates.
3) Inferencing: At test time, the model receives a scene image and task description as context C. The model generates

reasoning traces at each action step before predicting the action tokens. This step-by-step reasoning allows the policy to adapt
its chain-of-thought to the evolving scene state throughout task execution.
Evaluation Protocol. We perform 20 rollout trials per task. Success is determined by task-specific completion criteria defined
in the LIBERO-90 benchmark.

B. Bridgev2 WidowX Hardware Manipulation

1) Model Architecture and Training: We employ the OpenVLA architecture [5] with a 7B-parameter Llama 2 [15] language
backbone with DINOv2 [98] and SigLIP [99] vision encoders. Actions are represented as seven discrete tokens following the
tokenization scheme from [5, 37].
Implementation. We adapt the codebase from [11] for training the OpenVLA model with out algorithm on the Bridgev2
dataset [30].
Warmstart Training. The prior-posterior model M pq is trained on 64 NVIDIA A100 GPUs (40GB) with a global batch size
of 640, continuing until 95% action token accuracy is achieved. Reasoning dropout rate is set to d = 0.2.
Reasoning VLA Training. The final VLA model M VLA is trained from base model initialization on the refined dataset Drefined
with identical hardware and convergence criteria.
Posterior Sampling. During refinement, we sample K = 4 reasoning candidates from the posterior distribution for each
demonstration. We adapted SGLang-VLA [102, 103] to support high-throughput batch inferencing of posterior distribution
VLA architecture along with extraction of log probabilities of prior VLA architecture (needed for computation of importance
weights).
Post-Training All Primitives Model for Action Forcing. For the baseline model trained with all reasoning primitives, we
perform additional post-training epochs with reasoning-free examples to enable the action-forcing capability, following [12].
Models trained with R&B-EnCoRe and even random primitives acquire this capability naturally through dropout.





You are a navigation expert for various embodiments including robots and humans. Given a

first-person image view of the current scenario with a planned path overlaid on the

image, the coordinates of these 2D points in normalized image coordinates (ranging from

0 to 1, where [0,0] is the top-left and [1,1] is the bottom-right), a specified

embodiment (e.g., legged robot, wheeled robot, human, or bike), and a navigation task (e

.g., "Go down the road"), you will provide a comprehensive, step-by-step, detailed

reasoning trace in full sentences about how the overlaid path on the image solves the

given task. Do not explicitly refer to the trajectory during the reasoning as future

readers of your reasoning trace will not see the overlaid path.

Your reasoning must be provided within the specified XML-style tags for each distinct

category.

###Navigation Reasoning Components

Terrain: A detailed analysis of the physical characteristics of the ground surfaces in the

scene, including the types of stepping, rolling, or contact considerations required (e.g

., grass vs. sidewalk, uneven cobblestones, smooth asphalt).

Obstacles: An identification of specific objects, obstacles, or areas anywhere in the scene

that the embodiment must actively avoid colliding with or entering.

Affordances: Description of specific action capabilities a region of the environment offers

to the robot--such as steppable, jumpable, or gap-crossable--determined by the interplay

between the terrain’s physical properties and the robot’s kinematic and dynamic limits.

Plan: High-level language description of the overall navigation plan.

Move: Description of primary direction and type of motion required to follow the path (e.g.,

move forward, turn left 45 degrees, slow down).

Social: Description of expected or required social behaviors and conventions that the

depicted trajectory does to maintain safe and cooperative movement around other entities

(e.g., move left for bikers, right for humans or yield to oncoming traffic).

Counterfactuals: Listing of potential alternative navigation plans and their likely

consequences, presented as pairs of Action and Consequence.

Weather: An analysis of the weather in the environment using subjective language.

###Output Format

You must format your final output using the following tags for each corresponding type of

reasoning:

<Terrain>

Description of physical properties of surface contact patches.

</Terrain>

<Obstacles>

Identify objects in scene to not hit.

</Obstacles>

<Affordances>

Region: [Environment region/terrain 1]



Affordances: [Action capabilities of region/terrain 1]

Region: [Environment region/terrain 2]

Affordances: [Action capabilities of region/terrain 2]

...

</Affordances>

<Plan>

Step 1: [First step in plan]

Step 2: [Second step in plan]

...

</Plan>

<Move>

Directions of motions.

</Move>

<Social>

Applicable social rules for movement.

</Social>

<Counterfactuals>

Action: [Alternative action 1]

Consequence: [Likely result of alternative action 1]

Action: [Alternative action 2]

Consequence: [Likely result of alternative action 2]

...

</Counterfactuals>

<Weather>

Description of the weather.

</Weather>

###Additional Notes about the Image:

- The image shows a first-person view of the navigation scenario

- The trajectory starts near the bottom center of the image, which corresponds

approximately to normalized coordinate [0.5, 0.95] (representing the current position of

the embodiment)

- The trajectory is adapted to the embodiment’s abilities and limitations

- The trajectory extends all the way to the goal if the path is visible. If the path is

occluded, the trajectory ends where the path becomes fully obscured, unless the path can

be reasonably inferred from the visible context.

### Information on General Embodiment Movement Characteristics

- **Human**: A standard pedestrian. Can navigate stairs and ramps but cannot climb tall

obstacles.

- **Wheeled Robot**: A wheeled delivery robot. Behaves like a wheelchair, preferring

smooth surfaces such as walkways and ramps. It cannot use stairs or escalators.

- **Bicycle**: A standard cyclist. Follows traffic regulations and prefers bike lanes or

streets. Cannot navigate stairs.

- **Legged Robot**: A quadruped like ANYmal. Behaves similarly to a human, but it is

shorter. It can handle stairs and escalators.

### Your Task Specific Information

**Trajectory**: [[0.50, 0.95], [0.60, 0.85], [0.69, 0.72],[0.72, 0.55],[0.73, 0.40], [0.68,

0.35], [0.61, 0.33], [0.57, 0.31], [0.52, 0.30], [0.47, 0.30], [0.41, 0.29], [0.34,

0.29], [0.26, 0.28], [0.21, 0.28], [0.13, 0.27], [0.05 , 0.27]]

**Your current Embodiment**: Wheeled Robot

**Task**: Follow the road to the left

and the output from the Qwen3-VL-30b Instruct model was:

<Terrain>

The terrain consists of two main surfaces: a set of wide, stone steps on the left and a

cobblestone path on the right. The steps are made of large, flat stone slabs and are



and semantic penalties aligned with human preferences.

D. Autonomous Driving

1) Model Architecture and Representation: We finetune a Qwen3-VL-4B-Instruct [17] dense (non-MoE) model on the
nuScenes dataset [32] which consists of almost 1000 driving scenes of 20 seconds each, consisting of images and trajectory
data sampled at 2Hz, collected from Boston and Singapore and we use the official training and validation split. We follow
[85, 86] and use 2 seconds of history to predict 3-second of future trajectories at a 2Hz frequency. We rely on a natural
language representation of the trajectory, formatted as pairs of (x,y) in nuScenes ego-centric coordinates, for a total of 6
numbers. See an example below. Different from prior works, we process the front-camera RGB image only in order to remain
within the computational budget. We find that empirically, we perform similarly to methods using a surround-view setup
[44, 85], suggesting that future work can improve VLMs’ understanding of multiple frames.
Implementation. We employed the Qwen3-VL 4B [17] dense model to initialize the autonomous driving VLA. Training
employs reasoning dropout with rate d = 0.5.
Posterior Sampling. During refinement, we sample K = 16 reasoning candidates from the posterior distribution for each
demonstration (results reported in Table III use this configuration). We ablate the effect of K in Fig. 12, finding that performance
saturates around K = 16 samples.

2) Reasoning Primitives: We utilize reasoning traces from human-annotated data for the nuScenes dataset, originally curated
for agent-based planning methods [85, 86]. For this work, we re-distributed them into reasoning primitives that more evenly
break down the original annotations. The new primitives, based on the annotations, include:

• Mission Goal: High-level navigation objective (e.g., “turn left”, “change lane right”). This information is extracted from
the “ego” field of the annotation from [86], repurposed for driving VLA reasoning.

• Perception: Detailed scene understanding including detected objects, their types, IDs, and predicted future waypoints.
This field corresponds to the “perception” annotations.

• Notable Objects: Salient objects requiring attention. Notable objects are extracted from original “reasoning” field of the
annotations, and are objects that a language model identified as notable.

• Collidable Objects: Objects with collision risk. These correspond to the notable objects in the “chain of thoughts” field
of the annotations, and are objects the ego-vehicle will collide with if the path is kept.

• Driving Plan: Concrete action plan with speed modulation (e.g., “change lane right with constant speed”). This is extracted
from the driving plan in the “chain of thoughts” field of the annotations, and is heuristically generated.

• Experience: Retrieved similar past driving scenarios from memory with confidence scores. This corresponds exactly to
the “experiences” field of the annotations.

3) Data Transformation and Evaluation: The original nuScenes dataset was matched to the reasoning annotations from
[86], and details corresponding to the ego-vehicle were extracted to provide to the driving VLA. This information corresponds
to the “ego” field in the annotations, and include current state (velocities, acceleration, can bus information, etc.) as well as
the historical trajectory (2-second past information). The mission goal is not included, and is instead used for the reasoning.
All reasoning is headed by a question, formatted such that the reasoning type is the answer, and in tags, e.g.,:

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>

Distance to both sides of road shoulders of current ego-vehicle location:

Current ego-vehicle’s distance to left shoulder is 5.5m and right shoulder is 1.5m

<What is a similar past experience?>

Most similar driving experience from memory with confidence score: 1.00:

The planned trajectory in this experience for your reference:

[(-0.00,0.00), (-0.00,0.00), (-0.00,-0.00), (-0.00,0.16), (-0.01,0.60), (0.01,1.40)]

<What are the collidable objects?>

- Notable Objects: None

Potential Effects: None<What is the driving plan?> STOP

<What are the notable objects?>

- Notable Objects: None

Potential Effects: None

Planned Trajectory:

[(0.05,4.55), (0.09,9.14), (0.12,12.84), (0.19,17.51), (0.22,22.14), (0.25,26.60)]



APPENDIX F
ADDITIONAL ABLATION EXPERIMENTS
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Fig. 16: For our R&B-EnCoRe algorithm applied to the Legged navigation embodiments, we perform an ablation study on varying the
dropout rate parameter d that affects the initial warmstart reasoning strategy training distribution. We find that 50% dropout provides best
downstream performance. This dropout rate encourages the prior and posterior model to see a diverse set of reasoning strategies with overall
minimal warmstarting preference bias for any strategy (i.e., log 1−d

d
= log 1−0.5

0.5 = 0).

����������� ���� ��������� ������ ���� ������� ���������������
��

���

���

���

���

����

�
�
�
��

�
��
�
��
��
�
��
��
�
��
�
��
�
��
�
�
��
��
�
�
�
�
�
�
��
�
�

����������������������������������������������������������������������������������

�������

�������������

�������

���������

Fig. 17: For the Legged Navigation Dataset we perform an ablation on performing posterior sampling (from Alg. 2) across 32 different
sampling seed to validate whether the refined reasoning primitive distribution remains consistent. This plot confirms the generally consistency
of the reasoning primitive frequencies (note the error bars and compare with the result of a single sample seed of Fig. 4b).







PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 99, 
161, 132], plate 1 [132, 168, 159, 207], wooden 
cabinet 1 [76, 0, 175, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
against the wall, so the robot should move back 
slowly to avoid colliding with it while 
approaching the cabinet.
MOVE: move back slowly
GRIPPER POSITION: [36, 117]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [130, 97, 
156, 128], plate 1 [133, 168, 161, 207], wooden 
cabinet 1 [76, 0, 174, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned in 
the upper left corner of the image, while the 
robot is in the center, so moving back and left will 
bring the robot closer to the cabinet in order to 
grasp it and complete the task.
MOVE: move back and left
GRIPPER POSITION: [44, 107]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [130, 97, 
156, 128], plate 1 [133, 158, 160, 197], wooden 
cabinet 1 [76, 0, 175, 59]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned to 
the left of the robot, so moving back and left will 
align the robot with the cabinet for grasping it.
MOVE: move back and left
GRIPPER POSITION: [54, 91]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [132, 96, 
157, 128], plate 1 [133, 158, 160, 197], wooden 
cabinet 1 [76, 0, 175, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned in 
the upper left corner of the image, and the robot 
is currently in the middle of the scene, so moving 
down and left and back will bring it closer to the 
cabinet in the desired orientation to open the top 
drawer.
MOVE: move left and back and down
GRIPPER POSITION: [68, 68]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 101, 
161, 133], plate 1 [135, 168, 163, 207], wooden 
cabinet 1 [76, 0, 174, 59]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
higher than the robot, so the robot should move 
down and left to reach the bottom drawer.
MOVE: move down and left
GRIPPER POSITION: [83, 55]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 101, 
161, 133], plate 1 [135, 168, 163, 207], wooden 
cabinet 1 [76, 0, 174, 56]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned on the table, which is too low for it to 
reach the cabinet's drawers.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
slightly to the left and behind the robot, so 
moving down and forward will align the robot 
with the cabinet for grasping it.
MOVE: move down and forward
GRIPPER POSITION: [93, 50]

All Primitives

<Task>: “open the top drawer of the cabinet”

timestep

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the top; 4. open 
the cabinet; 5. move away from the cabinet
VISIBLE OBJECTS: akita black bowl 1 [134, 86, 
160, 118], plate 1 [131, 19, 157, 56], ketchup 1 [101, 
77, 137, 94], white cabinet 1 [78, 121, 178, 223]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
against the wall, so the robot should move back 
slowly to avoid colliding with it while 
approaching the cabinet.
MOVE: move back
GRIPPER POSITION: [37, 116]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the top; 4. open 
the cabinet; 5. move away from the cabinet
VISIBLE OBJECTS: akita black bowl 1 [134, 88, 
160, 120], plate 1 [132, 169, 159, 208], wooden 
cabinet 1 [76, 0, 176, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned in 
the upper left corner of the image, while the 
robot is in the center, so moving back and left will 
bring the robot closer to the cabinet in order to 
grasp it.
MOVE: move back and left
GRIPPER POSITION: [39, 114]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 88, 
160, 120], plate 1 [132, 169, 159, 208], wooden 
cabinet 1 [76, 0, 176, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned in 
the upper left corner of the image, while the 
robot is in the center, so moving back and left will 
bring the robot closer to the cabinet in order to 
grasp it and complete the task.
MOVE: move back and left
GRIPPER POSITION: [46, 101]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 88, 
160, 120], plate 1 [132, 169, 159, 208], wooden 
cabinet 1 [76, 0, 176, 57]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
diagonally in the upper left corner, so moving left 
and back and down will align the robot's 
approach with the cabinet's orientation, allowing 
for a more direct and efficient movement to grasp 
it.
MOVE: move left and back and down
GRIPPER POSITION: [59, 78]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 88, 
160, 120], plate 1 [128, 29, 154, 67], ketchup 1 [101, 
75, 137, 92], white cabinet 1 [77, 121, 176, 223]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned in 
the upper left corner of the image, and the robot 
is currently in the middle of the scene, so moving 
down and left will bring it closer to the cabinet in 
order to complete the task.
MOVE: move down and left
GRIPPER POSITION: [76, 62]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the top; 4. open 
the cabinet; 5. move away from the cabinet
VISIBLE OBJECTS: akita black bowl 1 [134, 77, 
160, 110], plate 1 [125, 25, 151, 62], ketchup 1 [102, 
79, 137, 94], white cabinet 1 [76, 125, 175, 223]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned on the table, which is too low for it to 
interact with the cabinet's drawers.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
higher than the table, so moving down will bring 
the robot to the same level as the cabinet, 
allowing it to grasp and manipulate it.
MOVE: move down and forward
GRIPPER POSITION: [95, 38]

Random Primitives

timestep

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
VISIBLE OBJECTS: akita black bowl 1 [134, 89, 
161, 121], plate 1 [133, 158, 161, 197], wooden 
cabinet 1 [76, 0, 175, 57]
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned 
against the wall, so the robot should move back 
slowly to avoid colliding with it while 
approaching.
MOVE: move back slowly

SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet.
MOVE REASONING: The cabinet is positioned to 
the left of the robot, so moving back and left will 
align it with the cabinet, allowing the robot to 
grasp and manipulate it effectively.
MOVE: move back and left
GRIPPER POSITION: [48, 109]

PLAN: 1. move to the cabinet; 2. grasp the 
cabinet; 3. move the cabinet to the drawer; 4. 
open the drawer
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE REASONING: The cabinet is positioned to 
the left of the robot, so moving left and back will 
align it with the cabinet, allowing the robot to 
grasp and open it.
GRIPPER POSITION: [59, 89]

VISIBLE OBJECTS: akita black bowl 1 [135, 82, 
161, 114], plate 1 [130, 164, 157, 202], wooden 
cabinet 1 [76, 0, 174, 56]
SUBTASK REASONING: The robot needs to 
move to the cabinet because it is currently 
positioned above the table, which is blocking its 
access to the cabinet and its subtask of opening 
the top drawer.
SUBTASK: move to the cabinet
MOVE: move left and down and back
GRIPPER POSITION: [72, 67]

MOVE REASONING: The cabinet is positioned 
diagonally in the upper left corner, so moving 
down and forward and left will align the robot 
with the cabinet's orientation, allowing it to grasp 
and manipulate the drawer effectively.
MOVE: move down and left
GRIPPER POSITION: [90, 53]

[No Reasoning]

R&B-EnCoRe

timestep

Fig. 21: Reasoning Traces with wider set of primitives (Section V-A-Q2) from the reasoning VLAs for LIBERO-90 across episode. Notice
how R&B-EnCoRe reasons less frequently about visible objects compared with the other two models.



PLAN:1. move to the starting position.
           2. grasp the red pepper.
           3. move the red pepper to the yellow basket.
           4. release the red pepper.
           5. move the robotic arm away from the 
yellow basket.
   
VISIBLE OBJECTS: a red pepper [148, 167, 184, 
229], the robot task [111, 1, 201, 151], a yellow 
plastic basket [26, 36, 124, 125], a red pepper [145, 
165, 187, 230]
SUBTASK REASONING: The robotic arm is still 
moving away from the yellow basket.
SUBTASK: 5. move the robotic arm away from the 
yellow basket.
MOVE REASONING: Moving right down allows 
the robotic arm to move away from the yellow 
basket.
MOVE: move right down
GRIPPER POSITION: [161, 134, 169, 142, 174, 159, 
173, 169, 170, 177]

PLAN:1. **start**
           2. **move_to_pepper**
           3. **grasp_pepper**
           4. **move_to_basket**
           5. **release_pepper**
           6. **move_away**
   
VISIBLE OBJECTS: a red pepper [158, 181, 187, 
223], a yellow plastic basket [24, 52, 132, 124], a 
sink [22, 56, 232, 246], the robot task [155, 169, 
218, 233]
SUBTASK REASONING: The robot is not yet near 
the pepper. It should move towards it.
SUBTASK: **move_to_pepper**
MOVE REASONING: The robot is very close to 
the pepper, so it should stop moving.
MOVE: **stop**
GRIPPER POSITION: [192, 200, 196, 208, 197, 
219, 196, 222, 192, 228]

PLAN:1. Navigate to the red pepper. 
2. Grasp the red pepper. 
3. Navigate to the yellow basket. 
4. Release the red pepper into the yellow basket. 
5. Navigate back to the initial position.
VISIBLE OBJECTS: a red pepper [151, 182, 177, 
223], a yellow dish drainer [26, 57, 113, 125], the 
robot task [3, 1, 207, 213], the sink [12, 30, 238, 
247]
SUBTASK REASONING: The red pepper has been 
grasped and the next step is to navigate to the 
yellow basket.
SUBTASK: Navigate to the yellow basket.
MOVE REASONING: Move up to lift the red 
pepper and keep it grasped.
MOVE: move up, close gripper
GRIPPER POSITION: [179, 204, 176, 202, 171, 188, 
162, 164, 148, 134]

PLAN:1. **Grasp** above the red pepper. 2. 
**Move down** and close the gripper around the 
red pepper. 3. **Move up** while keeping the 
gripper closed. 4. **Move forward** while 
keeping the gripper closed. 5. **Move down** 
while keeping the gripper closed. 6. **Release** 
the red pepper. 7. **Move up** with the gripper 
open.
VISIBLE OBJECTS: a red pepper [81, 49, 100, 81], 
a yellow basket [33, 37, 138, 120], and a metal 
faucet [147, 1, 195, 102], a plastic yellow spoon [16, 
30, 142, 122]
SUBTASK REASONING: The red pepper has been 
grasped and needs to be moved down.
SUBTASK: 5. **Move down** with the gripper 
open.
MOVE REASONING: Move down to get closer to 
the yellow basket.
MOVE: move down
GRIPPER POSITION: [90, 63, 83, 67, 80, 71, 81, 
77, 84, 78]

PLAN:1. Reach the pepper. 
          2. Grasp the pepper. 
          3. Lift the pepper. 
          4. Move the pepper to the basket. 
          5. Lower the pepper into the basket. 
          6. Release the pepper. 
          7. Move the arm away from the basket.
VISIBLE OBJECTS: a yellow basket [29, 43, 146, 
124], a robot [2, 1, 131, 111], a robot [61, 1, 131, 108], 
and a metal faucet [149, 1, 190, 102]
SUBTASK REASONING: The pepper is released 
into the basket. The arm needs to move away 
from the basket.
SUBTASK: Move the arm away from the basket.
MOVE REASONING: Move up to lift the arm a bit 
higher.
MOVE: move up
GRIPPER POSITION: [92, 102, 97, 94, 100, 82, 
100, 81, 100, 81]

PLAN:1. **Approach the **yellow basket** 2. 
**Grasp the **yellow** basket** 3. **Lift** the 
**yellow** basket** 4. **Move** away** 5. 
**Move** towards** the **yellow** basket** 6. 
**Stop**
VISIBLE OBJECTS: a yellow basket and the 
yellow basket is on the [29, 44, 129, 122], a metal 
sink [16, 27, 241, 248], the robot task [52, 1, 131, 
110], and a plastic spoon [149, 1, 190, 100]
SUBTASK REASONING: The **yellow** basket is 
very close to the **yellow** basket** and in front 
of the robotic arm, so the robotic arm needs to 
move   away from the **yellow** basket.
SUBTASK: **Move** away**
MOVE REASONING: The **yellow** basket is 
very close to the **yellow** basket** and in front 
of the robotic arm, so the robotic arm needs to 
move away from the **yellow** basket.
MOVE: **move backward**
GRIPPER POSITION: [92, 100, 87, 109, 84, 117, 
84, 117, 84, 117]

<Task>: “put red pepper in yellow basket”

timestep

All Primitives

SUBTASK REASONING: The robot is in the sink 
and needs to start the task by moving to the 
pepper.
SUBTASK: move to pepper
MOVE REASONING: Move down in the direction 
of the pepper.
MOVE: move down
GRIPPER POSITION: [163, 149, 164, 152, 172, 166, 
176, 180, 180, 185]

VISIBLE OBJECTS: a yellow basket [30, 44, 138, 
125], the robot task [152, 167, 189, 235], with a red 
pepper [139, 157, 186, 239]
SUBTASK REASONING: The robot is in the sink, 
and needs to start the task.
MOVE REASONING: The robot is in the sink, so 
it needs to move down to be able to reach the red 
pepper.
MOVE: move down
GRIPPER POSITION: [169, 192, 169, 192, 172, 197, 
176, 200, 180, 206]

SUBTASK REASONING: The robot is holding the 
pepper, and the pepper needs to be moved to the 
basket.
SUBTASK: **move** the pepper to the basket
MOVE REASONING: The pepper needs to be 
directly above the basket, and the gripper needs 
to be open so that the pepper can be released 
inside.
MOVE: move up, open gripper
GRIPPER POSITION: [178, 215, 176, 216, 172, 212, 
171, 198, 163, 178]

VISIBLE OBJECTS: a red pepper [139, 161, 161, 
193], a yellow dish drainer [27, 58, 123, 125], the 
robot task [4, 1, 191, 204]
SUBTASK REASONING: The robot has grasped 
the pepper and is at the yellow basket.
SUBTASK: put red pepper in yellow basket
MOVE REASONING: Open the gripper to release 
the pepper into the basket.
MOVE: open gripper
GRIPPER POSITION: [161, 184, 158, 186, 157, 187, 
158, 182, 163, 165]

SUBTASK REASONING: The pepper has been 
moved to the basket and needs to be released.
MOVE REASONING: The gripper opens to 
release the pepper into the basket.
MOVE: open gripper
GRIPPER POSITION: [84, 62, 77, 68, 76, 70, 75, 
74, 78, 77]

VISIBLE OBJECTS: a yellow dish drainer [28, 52, 
118, 122], a red pepper [62, 90, 85, 111], and a 
yellow and black machine [65, 1, 137, 100], a metal 
sink [22, 27, 236, 245], a red pepper [55, 83, 90, 
116], the robot task [136, 2, 197, 102]
SUBTASK REASONING: The robot is right next 
to the starting position, and has successfully 
completed the task of moving to the right side of 
the table. There is no need to move further at this 
point.
SUBTASK: stop
MOVE REASONING: The robot needs to stop 
moving at this point.
MOVE: move right
GRIPPER POSITION: [102, 87, 109, 95, 121, 98, 
137, 109, 137, 109]

timestep

R&B-EnCoRe

Fig. 22: Reasoning Traces (Section V-B-Q2) from the reasoning VLAs in Bridgev2 setup on WidowX hardware with Test-Time Reasoning
enabled across episode.



PLAN:1. Locate the red pepper. 2. Grasp the red 
pepper. 3. Move the red pepper to the yellow 
basket. 4. Release the red pepper. 5. Move the 
robotic arm away from the yellow basket.
VISIBLE OBJECTS: a red pepper [150, 181, 180, 
232], the robot task [115, 1, 187, 108], a yellow toy 
banana [182, 165, 218, 232], a green toy vegetable 
[86, 163, 124, 201], and a yellow toy banana [179, 
164, 220, 232], a plastic sink [16, 36, 233, 244]
SUBTASK REASONING: The red pepper has been 
grasped and needs to be moved to the yellow 
basket.
SUBTASK: Move the red pepper to the yellow 
basket.
MOVE REASONING: The arm is stationary.
MOVE: stop
GRIPPER POSITION: [161, 89, 163, 94, 164, 107, 
172, 125, 179, 140]

PLAN:1. figure out the trajectory for the red 
pepper because the arm is still far from it.
           2. move towards the red pepper
           3. grasp the red pepper
           4. lift the red pepper
           5. move to the blue basket
           6. lower the red pepper
           7. release the red pepper
           8. return to the initial position.
    
VISIBLE OBJECTS: a red pepper [151, 191, 182, 
239], the robot task [115, 1, 218, 163], a yellow 
banana [190, 167, 218, 231], a plastic orange cone 
[107, 128, 148, 175]
SUBTASK REASONING: The trajectory is not yet 
fully planned, so it is still necessary to figure out 
the trajectory.  The arm is still far from the red 
pepper, so it should move down to approach it.
SUBTASK: 1. figure out the trajectory for the red 
pepper because the arm is far from it.
MOVE REASONING: Move down because the red 
pepper is below the arm.
MOVE: move down
GRIPPER POSITION: [169, 153, 176, 162, 179, 174, 
182, 184, 185, 199]

PLAN:1. figure out the target location of the 
pepper.
           2. go to the target location
           3. position the arm above the pepper.
           4. grab the pepper.
           5. lift the pepper.
           6. move the pepper to the target location.
           7. position the pepper above the target 
location.
           8. open the gripper.
           9. move the pepper back to the initial 
position.
   
VISIBLE OBJECTS: a red pepper [150, 191, 183, 
238], a robot [6, 2, 211, 216], a yellow dish drainer 
[19, 60, 116, 125], a robot [5, 0, 217, 217]
SUBTASK REASONING: The robot is still moving 
the pepper back to the initial position.
SUBTASK: 9. move the pepper back to the initial 
position.
MOVE REASONING: The robot is still moving 
down.
MOVE: move down
GRIPPER POSITION: [179, 209, 186, 214, 192, 
227, 195, 234, 194, 238]

PLAN:1. identify the yellow basket and move 
towards it.
2. reach the red pepper.
3. grasp the red pepper.
4. lift the red pepper.
5. move the red pepper to the yellow basket.
6. release the red pepper.
7. return to the initial position.

VISIBLE OBJECTS: a red pepper [152, 211, 181, 
247], a robot [6, 3, 206, 219], a robot [4, 3, 201, 
217]
SUBTASK REASONING: The red pepper was 
released. Now the robot needs to return to the 
initial position.
SUBTASK: 7. return to the initial position.
MOVE REASONING: The gripper needs to be 
open in order to move the arm.
MOVE: open gripper
GRIPPER POSITION: [176, 209, 172, 219, 176, 217, 
179, 210, 181, 192]

PLAN:1. identify the red pepper and move close to 
it.
2. grasp the red pepper.
3. move the red pepper to the yellow basket.
4. release the red pepper in the yellow basket.
5. move away from the yellow basket.
6. stop the robotic arm.

VISIBLE OBJECTS: a yellow banana [188, 168, 
210, 229], a red pepper [138, 178, 161, 231], a green 
apple [85, 158, 116, 195], a plastic sink [16, 69, 238, 
249], a red pepper [5, 95, 42, 129], a plastic sink 
[22, 76, 230, 248], a yellow banana [184, 164, 218, 
232]
SUBTASK REASONING: The red pepper was 
found and is within reach. Grasp it to pick it up.
SUBTASK: grasp the red pepper
MOVE REASONING: Stop the movement to 
avoid any unnecessary movement.
MOVE: stop
GRIPPER POSITION: [152, 184, 154, 188, 159, 197, 
162, 204, 163, 208]

PLAN:1. pick up the red pepper
2. move the red pepper to the basket
3. place the red pepper in the basket
VISIBLE OBJECTS: a yellow banana [186, 167, 210, 
229], a green apple [85, 158, 116, 194], a red 
pepper [138, 180, 161, 231], a robot [1, 1, 186, 187], 
a robot [2, 2, 183, 182], a yellow banana [183, 164, 
214, 231], a wooden table [9, 8, 239, 248]
SUBTASK REASONING: The red pepper is not in 
the basket yet.
SUBTASK: 2. move the red pepper to the basket
MOVE REASONING: The red pepper is in the 
basket, it needs to be released.
MOVE: open gripper
GRIPPER POSITION: [156, 184, 159, 182, 161, 184, 
163, 188, 164, 192]

timestep

<Task>: “put red pepper in yellow basket”

All Primitives

SUBTASK REASONING: The robot is in a 
position that allows it to begin by moving towards 
the pepper.
MOVE REASONING: Move down in order to be 
able to approach the pepper.
MOVE: move down
GRIPPER POSITION: [188, 153, 190, 162, 192, 170, 
192, 177, 189, 183]

SUBTASK: stop
MOVE REASONING: The robot should stop 
moving. It is already in the correct position to 
start moving in the next step.
MOVE: stop
GRIPPER POSITION: [163, 187, 164, 182, 164, 178, 
160, 174, 158, 163]

VISIBLE OBJECTS: the robot task [2, 1, 184, 178], 
a red pepper [139, 156, 161, 195], and a grey robot 
arm [1, 1, 188, 175], a yellow basket [28, 48, 120, 
118], a plastic green [83, 147, 116, 188]
SUBTASK REASONING: The robot is holding the 
pepper, and is not yet at the top of the basket. 
Thus, the robot should move up.
SUBTASK: |move_up|

SUBTASK REASONING: The pepper is still not at 
the top of the yellow basket, and it needs to be 
moved there.
SUBTASK: move the pepper to the top of the 
yellow basket
MOVE REASONING: The yellow basket is located 
to the left of the arm. Move in that direction to 
get closer.
MOVE: move left
GRIPPER POSITION: [147, 99, 140, 92, 125, 80, 
110, 67, 99, 58]

VISIBLE OBJECTS: a green plastic bowl [85, 152, 
119, 189], a red plastic fork [2, 78, 38, 101], the 
scene [4, 0, 245, 252], a yellow plastic basket [20, 
32, 141, 120], a yellow plastic basket [25, 27, 142, 
120], and a cardboard box [199, 38, 254, 135]
SUBTASK REASONING: The robot is now near 
the sink, and the task is complete.
SUBTASK: stop
MOVE REASONING: The robot stops moving 
because the task is complete.
MOVE: stop
GRIPPER POSITION: [74, 61, 74, 61, 74, 61, 74, 61, 
74, 61]

SUBTASK REASONING: The robot is still at the 
start position and needs to complete the task.
MOVE REASONING: Move right to get closer to 
the starting position.
MOVE: move right
GRIPPER POSITION: [112, 93, 119, 98, 127, 100, 
142, 105, 142, 105]

timestep

R&B-EnCoRe

Fig. 23: Reasoning Traces (Section V-B-Q2) from the reasoning VLAs in Bridgev2 setup on WidowX hardware with Test-Time Reasoning
enabled across episode.



Random Primitives R&B-EnCoReAll PrimitivesNo ReasoningGround Truth

**Task**: Follow the path to the end
Answer Trajectory: [[0.50, 0.95], [0.44, 0.90], [0.40, 0.83], [0.35, 0.77], [0.30, 
0.73], [0.25, 0.67], [0.20, 0.63], [0.18, 0.58], [0.19, 0.53], [0.24, 0.49], [0.30, 0.46], 
[0.34, 0.44], [0.36, 0.42], [0.42, 0.41], [0.48, 0.40], [0.53, 0.39], [0.58, 0.39], [0.63, 
0.40], [0.68, 0.42], [0.73, 0.45], [0.77, 0.48], [0.80, 0.52]]

**Task**: Follow the path to the end
<What is the terrain composition?> The terrain consists of a mix of 
grassy patches, rocky ground, and remnants of snow. The grassy areas 
are uneven and may be muddy in places, particularly near the melting 
snow. The rocky sections are composed of loose stones and boulders, 
creating an uneven and potentially unstable surface. The snow patches 
are partially melted, resulting in a slippery and uneven surface that may 
be icy in some areas. The overall terrain is rugged and requires careful 
navigation to avoid slipping or tripping.
<What are the obstacles to avoid?> The primary obstacles in the scene 
are the patches of snow and the rocky terrain. The snow is uneven and 
may be slippery, posing a risk of slipping. The rocky areas are 
composed of loose stones and boulders, which can be difficult to 
traverse and may cause instability. Additionally, the melting snow can 
create muddy areas that are difficult to walk on. There are no other 
significant obstacles such as trees or large structures in the immediate 
vicinity.
<What are the affordances of objects and regions?> Region: Grassy and 
muddy areas near snow
Affordances: Steppable, but requires careful footing due to potential 
slipperiness and unevenness.
Region: Rocky terrain
Affordances: Steppable, but requires careful navigation due to loose 
stones and potential instability.
Region: Snow patches
Affordances: Walkable, but with caution due to potential ice and uneven 
surfaces.
Region: Open grassy paths
Affordances: Walkable, with relatively stable and predictable surface.
<What is a proposed plan?> Step 1: Begin by moving forward along the 
path, navigating the initial rocky terrain with careful foot placement to 
avoid loose stones.
Step 2: Approach the snow patches, ensuring to step carefully to avoid 
slipping on the icy or wet surfaces.
Step 3: Continue along the path, maintaining a steady pace and 
adjusting foot placement as needed to navigate the uneven terrain.
Step 4: As the path progresses, transition from the snow-covered areas 
to the grassy and rocky sections, maintaining balance and stability.
Step 5: Continue following the path until the end, ensuring to navigate 
any remaining obstacles and maintain a safe and steady pace.
<What are proposed movements?> Move forward along the path, 
navigating the rocky terrain with careful foot placement. Approach the 
snow patches and step carefully to avoid slipping. Continue along the 
path, adjusting foot placement as needed to maintain balance and 
stability. Transition from the snow-covered areas to the grassy and 
rocky sections, and continue following the path until the end.
<What are relevant social protocols?> There are no other entities or 
social interactions depicted in the scene. The primary focus is on 
navigating the terrain safely and efficiently. The robot should maintain a 
steady and controlled movement to avoid any sudden actions that 
could lead to instability or falls.
<What failure modes prevent counterfactual paths?> Action: Attempt to 
move directly across the snow patches without careful foot placement.
Consequence: Increased risk of slipping and falling due to the slippery 
and uneven surface of the snow.
Action: Ignore the rocky terrain and attempt to traverse it at a faster 
pace.
Consequence: Higher likelihood of tripping or losing balance due to the 
unstable and uneven surface of the rocks.
Action: Avoid the snow patches and take a longer route through the 
grassy areas.
Consequence: Increased travel distance and time, but potentially safer
and more stable navigation.
Answer Trajectory: [[0.50, 0.95], [0.46, 0.86], [0.43, 0.72], [0.42, 0.58], [0.43, 
0.48], [0.51, 0.44], [0.56, 0.42], [0.67, 0.42], [0.75, 0.43], [0.80, 0.43], [0.85, 0.43]]

**Task**: Follow the path to the end
<What is the terrain composition?> The terrain is a mountainous, alpine 
environment characterized by a mix of grassy slopes, rocky outcrops, 
and patches of melting snow. The ground is uneven and consists of a 
combination of loose gravel, small stones, and compacted earth. The 
snow patches are partially melted, creating a slushy and potentially 
slippery surface. The path navigates around these snowfields and rocky 
areas, following a relatively clear trail through the grassy and muddy 
sections.
<What are the obstacles to avoid?> The primary obstacles include the 
patches of snow, which are uneven and could be slippery, and the rocky 
areas, which are irregular and could be difficult to traverse without 
slipping. The snowfields are concentrated in the middle and lower parts 
of the image, and the rocky sections are scattered throughout, 
particularly on the left side. There are no large obstacles such as trees 
or large boulders blocking the path.
<What is a proposed plan?> Step 1: Begin by moving forward along the
path, navigating the initial rocky and grassy terrain.
Step 2: Approach the first patch of snow, ensuring to step carefully to 
avoid slipping.
Step 3: Continue along the path, maintaining a steady pace and 
adjusting foot placement to handle the uneven ground.
Step 4: Navigate around the snow patches, using the grassy and rocky 
areas as stable footing.
Step 5: Proceed towards the end of the path, ensuring to stay on the 
designated trail to avoid getting off course.
<What are proposed movements?> Move forward along the path, 
navigating the rocky and grassy terrain. As you approach the snow 
patches, slow down and carefully step over or around them. Continue 
moving forward, maintaining a steady pace and adjusting your foot 
placement to handle the uneven ground. Ensure you stay on the 
designated trail to avoid slipping or getting off course.
<What are relevant social protocols?> There are no other entities 
visible in the scene, so there are no social behaviors or conventions to 
consider. The focus is on navigating the path safely and efficiently.
<What failure modes prevent counterfactual paths?> Action: Attempt to 
walk directly through the snow patches
Consequence: Increased risk of slipping and falling due to the slippery
and unstable nature of the snow
Action: Ignore the path and venture off into the surrounding grassy and 
rocky areas
Consequence: Potential for getting lost or encountering more difficult 
terrain that is not suitable for safe navigation
Answer Trajectory: [[0.50, 0.95], [0.53, 0.88], [0.55, 0.80], [0.56, 0.72], [0.56, 
0.62], [0.54, 0.52], [0.52, 0.46], [0.47, 0.43], [0.42, 0.41], [0.35, 0.40], [0.30, 0.37], 
[0.28, 0.35], [0.28, 0.33], [0.30, 0.29], [0.34, 0.27], [0.38, 0.25], [0.41, 0.24], [0.46, 
0.24], [0.50, 0.24], [0.54, 0.24], [0.56, 0.23], [0.61, 0.23]]

**Task**: Follow the path to the end
<What are the obstacles to avoid?> The primary obstacles are the 
patches of snow, which are uneven and may be slippery, and the rocky 
terrain, which could be difficult to navigate. Additionally, there are 
scattered stones and boulders that could impede movement if not 
properly navigated.
<What are the affordances of objects and regions?> Region: Rocky 
terrain
Affordances: Steppable, requires careful foot placement
Region: Snow patches
Affordances: Slippery, may require reduced speed or altered gait
Region: Grass and dirt path
Affordances: Stable, suitable for walking
Answer Trajectory: [[0.50, 0.95], [0.48, 0.89], [0.46, 0.80], [0.44, 0.71], [0.42, 
0.62], [0.41, 0.55], [0.39, 0.50], [0.36, 0.48], [0.32, 0.46], [0.29, 0.41], [0.27, 0.38], 
[0.25, 0.36]]

**Task**: Follow the path to the end
Answer Trajectory: [[0.50, 0.95], [0.49, 0.85], [0.48, 0.76], [0.43, 0.66], [0.39, 
0.57], [0.35, 0.47], [0.30, 0.39], [0.24, 0.34], [0.20, 0.30]]

Fig. 24: Reasoning Traces for NaviTrace dataset with Quadruped embodiment (expanded version of Fig. 8).



<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
Front object detections:
Front object detected, object type: car, object id: 0, position: 
(0.59, 15.46), size: (1.93, 4.55)

Front object detected, object type: bus, object id: 6, position: 
(4.40, 18.95), size: (2.63, 8.31)

Future trajectories for specific objects:
Object type: car, object id: 0, future waypoint coordinates in 

3s: [(0.67, 18.36), (0.71, 21.03), (0.78, 23.53), (0.82, 25.82), 
(0.81, 27.91), (0.87, 30.01)]
Object type: bus, object id: 6, future waypoint coordinates in 
3s: [(4.45, 22.80), (4.48, 26.67), (4.54, 30.63), (4.57, 34.59), 
(4.56, 38.60), (4.57, 42.59)]

Distance to both sides of road shoulders of current ego-
vehicle location:
Current ego-vehicle's distance to left shoulder is 2.0m and 
right shoulder is 4.5m

<What is a similar past experience?>
Most similar driving experience from memory with 
confidence score: 0.87:
The planned trajectory in this experience for your reference:

[(0.04,3.62), (0.07,7.06), (0.10,10.36), (0.12,13.43), 
(0.14,16.37), (0.18,19.16)]
<What are the collidable objects?>
- Notable Objects: None
Potential Effects: None<What is the driving plan?> MOVE 

FORWARD WITH A CONSTANT SPEED
<What are the notable objects?>
- Notable Objects: car at (0.59,15.46), moving to (0.78,23.53) 
at 1.5 second

Potential Effects: within the safe zone of the ego-vehicle at 

1.5 second

Planned Trajectory:
[(0.02,3.75), (0.03,7.70), (0.03,11.65), (0.04,15.76), 
(0.02,19.86), (0.02,24.03)]

Planned Trajectory:

[(0.02,3.70), (0.03,7.24), (0.04,10.61), (0.05,13.79), 
(0.06,16.79), (0.07,19.61)]

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
Front object detections:
Front object detected, object type: car, object id: 4, position: 
(0.56, 15.90), size: (1.90, 4.51)

Future trajectories for specific objects:
Object type: car, object id: 4, future waypoint coordinates in 
3s: [(0.59, 19.30), (0.60, 22.89), (0.65, 26.67), (0.67, 30.56), 
(0.61, 34.62), (0.64, 38.77)]

Distance to both sides of road shoulders of current ego-
vehicle location:
Current ego-vehicle's distance to left shoulder is 4.5m and 
right shoulder is 4.5m

<What is the driving plan?> MOVE FORWARD WITH A 
CONSTANT SPEED

Planned Trajectory:
[(0.03,3.65), (0.04,7.11), (0.05,10.35), (0.06,13.49), 
(0.08,16.32), (0.09,18.89)]

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
Front object detections:
Front object detected, object type: car, object id: 0, position: 
(0.56, 15.95), size: (1.92, 4.53)

Front object detected, object type: bus, object id: 7, position: 
(4.36, 18.91), size: (2.81, 11.65)

Future trajectories for specific objects:
Object type: car, object id: 0, future waypoint coordinates in 

3s: [(0.58, 19.45), (0.59, 22.80), (0.64, 26.09), (0.67, 29.27), 
(0.66, 32.36), (0.73, 35.40)]
Object type: bus, object id: 7, future waypoint coordinates in 
3s: [(4.37, 18.91), (4.37, 18.91), (4.37, 18.91), (4.37, 18.91), 
(4.37, 18.91), (4.38, 18.91)]

Distance to both sides of road shoulders of current ego-
vehicle location:
Current ego-vehicle's distance to left shoulder is 4.0m and 
right shoulder is 4.5m

<What is a similar past experience?>
Most similar driving experience from memory with 
confidence score: 0.89:
The planned trajectory in this experience for your reference:

[(0.03,3.52), (0.06,6.79), (0.09,9.76), (0.12,12.17), 
(0.13,14.56), (0.14,16.90)]
<What are the collidable objects?>
- Notable Objects: None
Potential Effects: None<What is the driving plan?> MOVE 

FORWARD WITH A CONSTANT SPEED
<What are the notable objects?>
- Notable Objects: car at (0.56,15.95), moving to 
(0.64,26.09) at 1.5 second

Potential Effects: within the safe zone of the ego-vehicle at 

1.5 second

Planned Trajectory:
[(0.00,3.72), (0.01,7.31), (0.03,10.79), (0.06,14.13), 
(0.10,17.32), (0.16,20.30)]

No Reasoning All Primitives R&B-EnCoReRandom Primitives

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
None.<What is a similar past experience?>
Most similar driving experience from memory with 
confidence score: 0.64:

The planned trajectory in this experience for your reference:
[(0.01,3.27), (0.04,6.78), (0.06,10.58), (0.03,14.58), 
(0.01,18.72), (-0.02,23.05)]
<What are the collidable objects?>
- Notable Objects: None

Potential Effects: None<What is the driving plan?> MOVE 
FORWARD WITH AN ACCELERATION
<What are the notable objects?>
- Notable Objects: None
Potential Effects: None

Planned Trajectory:
[(0.05,3.60), (0.09,7.44), (0.12,11.46), (0.15,15.61), 
(0.20,19.89), (0.25,24.24)]

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
Front object detections:
Front object detected, object type: pedestrian, object id: 10, 
position: (-4.59, 13.85), size: (0.63, 0.67)

Future trajectories for specific objects:
Object type: pedestrian, object id: 10, future waypoint 
coordinates in 3s: [(-4.67, 13.31), (-4.73, 12.79), (-4.80, 12.27), 
(-4.87, 11.75), (-4.95, 11.24), (-4.98, 10.72)]

Distance to both sides of road shoulders of selected 
locations:
Location (-4.59, 13.85) distance to left shoulder is 0.5m and 
right shoulder is 0.0m

<What are the collidable objects?>
- Notable Objects: None
Potential Effects: None<What is the driving plan?> MOVE 

FORWARD WITH AN ACCELERATION

Planned Trajectory:
[(0.03,3.63), (0.09,7.52), (0.17,11.74), (0.26,16.20), 
(0.37,20.72), (0.48,25.39)]

Planned Trajectory:

[(0.05,3.60), (0.11,7.49), (0.16,11.60), (0.21,15.90), 
(0.25,20.34), (0.29,24.90)]

<What is the mission goal?> FORWARD

<What do you perceive in the scene?>
None.<What is a similar past experience?>
Most similar driving experience from memory with 
confidence score: 0.79:

The planned trajectory in this experience for your reference:
[(0.08,3.66), (0.13,7.52), (0.20,11.56), (0.26,15.68),
(0.30,19.95), (0.34,24.34)]
<What are the collidable objects?>
- Notable Objects: None

Potential Effects: None<What is the driving plan?> MOVE 
FORWARD WITH AN ACCELERATION
<What are the notable objects?>
- Notable Objects: None
Potential Effects: None

Planned Trajectory:
[(0.04,3.60), (0.10,7.09), (0.19,10.47), (0.27,13.77), 
(0.31,17.06), (0.33,20.30)]

No Reasoning All Primitives R&B-EnCoReRandom Primitives

Fig. 26: Reasoning Traces (Section V-D-Q7) from the driving VLAs. We visualize results on two more samples from the nuScenes dataset.


