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Abstract: Reasoning in language allows foundation models to spend more test-time compute on hard problems,
such as those requiring decomposition, constraint tracking, and prediction of future consequences. Whether this
mechanism can improve robotic manipulation remains unclear, where long-horizon tasks require tracking partial
progress, reasoning about object relations, recovering from mistakes, and steering noisy low-level policies. In this
paper, we study whether VLMs can be trained to reason directly in natural language to guide low-level manipulation
policies. We introduce ℛ3, a simple post-training recipe that turns off-the-shelf VLMs into robotic reasoners: it first
mid-trains a VLM on expert-generated reasoning traces to initialize the desired reasoning style, then improves
the reasoner with single-step rubric-based RL from offline action data. Unlike prior robotic reasoning methods
that mostly use structured traces as auxiliary supervision, ℛ3 trains free-form language reasoning to produce
test-time guidance for action. We instantiate ℛ3 on Language Table and simulated bimanual grocery packing, two
controlled testbeds for studying robotic reasoning and long-horizon manipulation. ℛ3 improves exploration and
generalization across unseen tasks and significantly outperforms instruction-only imitation learning baselines on
both benchmarks. Our analyses suggest that free-form language reasoning can function as a test-time compute
mechanism for steering low-level policies. Our project page is available at https://robotic-reasoner.github.io/.

1. Introduction

Reasoning in natural language provides an effective mechanism for spending more compute on harder
test problems, and offers a data-efficient recipe for broad generalization. This recipe is clearly useful
in many domains including visual perception [9, 17]. More broadly, even when the final output is
not language [15], language reasoning can help a model decompose the problem, identify relevant
constraints, and make reliable predictions. Robotic manipulation is therefore a natural domain for
reasoning based foundation models: manipulation requires interpreting a scene, understanding physical
constraints, anticipating the effect of action on future parts of the trajectory, and acting conditioned
on this understanding. One might expect that training robotic policies to reason before acting would
improve generalization by allowing the model to spend test-time compute on the problem instance.
Reasoning for robotic manipulation has already received a fair bit of attention. Recent generalist robot
policies and vision-language-action models, including ECoT [64], SteerVLA [21], and MolmoAct [32],
incorporate intermediate representations ranging from object-centric annotations and short plans to depth-
aware perception tokens and image-space trajectories. Complementary approaches expose generalist
policies through semantic interfaces: 𝜋0.7 can be steered at inference time with subtask instructions and
visual subgoals [28], while SARL uses online RL to learn a high-level policy over language commands
that steer a fixed VLA through long-horizon tasks [3]. However, these approaches do not train free-form
natural-language reasoning of the kind that has proven effective in language. Prior work shows that
structured reasoning supervision can improve grounding and perception [8], but these gains appear
to arise mainly from training-time supervision: after training with reasoning, generating reasoning at
test time provides little additional benefit [8, 18]. Thus, existing work establishes structured CoT as an
auxiliary training signal, but leaves open whether flexible language reasoning can serve as a mechanism
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Figure 1: Two-stage training of ℛ3. ℛ3 trains a high-level VLM to reason in natural language and steer a fixed low-level
robot policy for robotic manipulation tasks. ℛ3 proceeds in two stages: Stage I (mid-training) imbues an off-the-shelf VLM
with the reasoning style and behaviors needed to produce useful instructions for the low-level policy. Stage II (single-step RL)
further improves the VLM by training it to generate reasoning traces that match the expert instruction in offline data.

for spending test-time compute for manipulation, and how to learn to do that in reality.
We study how to train vision-language models (VLMs) to use free-form natural language as a mechanism
to spend test-time compute for robotic manipulation. Our main idea is to turn expert data into supervision
for VLM reasoning. Given a scene, interaction history, and an expert action, we post-train a VLM to
produce language-based reasoning that allows it to arrive at a semantically similar instruction to the
expert’s. A language-conditioned low-level policy then takes this VLM’s instruction and outputs the
action that directly controls the robot. This training procedure gives the VLM reasoning capabilities that
allow it, at test time, to produce language guidance for steering the low-level policy. To instantiate this
idea and study key design choices behind it, we focus on the Language Table [41] environment and a
long-horizon grocery packing environment [2], which provide controlled settings for studying visual
reasoning, language-conditioned manipulation, and long-horizon planning, along with a pretrained
steerable policy that reliably follows a wide range of instructions.
Our approach, ℛ3, uses a two-stage recipe inspired by LLM post-training, as shown in Figure 1. We first
generate multi-turn manipulation trajectories by prompting expert reasoners to steer the low-level policy
while recording their reasoning. These trajectories contain partial progress, mistakes, recoveries, and
alternative action choices, producing contexts where the model must reason over past interaction rather
than only the current frame. Stage I mid-trains a VLM on expert-generated reasoning traces, regardless
of trajectory success, to initialize the reasoning style needed for manipulation. Stage II then improves
this reasoner with single-step reinforcement learning (RL) from offline data. Here, we no longer assume
access to expert reasoning traces: conditioned on the scene and interaction history, the model generates
reasoning and an instruction, and is rewarded by a rubric-based VLM judge [14] when its instruction
semantically matches the expert’s. This yields a practical recipe: use limited reasoning-labeled trajectories
to initialize the reasoner, then use more instruction-only offline data to further improve it.
Beyond the method itself, this framework lets us study key design choices for robotic reasoning: how
to collect demonstrations, condition on history, initialize the reasoner, and which RL formulation can
improve reasoning from action supervision. Empirically, we find that ℛ3 improves high-level steering
across both seen and unseen Language Table tasks, outperforming instruction-only imitation learning.
Similarly, on the grocery packing environment, ℛ3 (RL only) outperforms instruction-only imitation
without reasoning. Our analyses show thatℛ3 learns more deliberate action-oriented reasoning behaviors:
it compares alternative choices, re-examines the scene and history when uncertain, and selects next
steps more incrementally. Through VQA diagnostics, comparisons with non-reasoning policies with
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auxiliary reasoning supervision, and controlled interventions on the reasoning budget, we find that
explicit inference-time reasoning improves generalization beyond using reasoning only as a training-time
supervision signal. Together, these results provide evidence that language reasoning causally contributes
to task performance and serves as useful test-time compute.

2. Related Work

Reasoning and test-time compute. Chain-of-thought reasoning and test-time scaling methods show that
languagemodels can solve harder problems by spending extra compute on reasoning before answering [31,
52, 56, 59, 62, 63]. Similar ideas extend to VLMs, where textual rationales, grounded explanations,
and visual chain-of-thought traces improve VQA and multimodal reasoning [39, 48, 65, 66]. However,
these works mainly evaluate static question answering rather than long-horizon interaction: reasoning
about a static image need not transfer to embodied action. Indeed, our experiments show that VLMs with
similar static VQA performance can differ substantially in steering a low-level policy on long-horizon
manipulation tasks that require reasoning. Reasoning has also helped in interactive domains such as
coding and web agents [10, 60], where models call tools, observe feedback, and revise their behavior
online [42, 47, 51]. Robotic manipulation differs because reasoning must be grounded in a low-level
controller that often induces substantial partial observability for the high-level reasoner.
Intermediate structures in robotic manipulation. Robotics has long used intermediate structure
between perception and action. Task-and-motion planning combines symbolic task reasoning with
geometric motion planning [22, 23, 29]; visual foresight predicts future observations for planning [16,
20]; and hierarchical or latent-planning methods learn reusable skills from demos or play [40, 46].
Language-based systems such as SayCan [1], Inner Monologue [25], and Code as Policies [35] use LLMs
for decomposition, feedback, or program synthesis, while relying on external skills, values, or controllers.
These works show the value of reasoning before acting, but the reasoning is typically symbolic, predictive,
latent, modular, or hand-designed. In contrast, we train a VLM itself to produce natural-language
reasoning that steers a frozen low-level language-conditioned policy at test time.
Reasoning in generalist robot policies. Recent generalist robot policies and vision-language-action
models, including RT-2, Octo, OpenVLA, GR00T, GR-3, and Gemini Robotics, use VLM backbones
pretrained on internet data but do not incorporate explicit reasoning [4, 5, 7, 30, 53, 54]. Some
subsequent works use reasoning-like signals only as training-time supervision, such as grounded reasoning
traces, object detections, or semantic subtask predictions [8, 27]. Others additionally produce or consume
inference-time intermediates, such as language guidance, plans, subtasks, constraints, affordances, history
summaries, visual traces, depth representations, or subgoal images before action generation [3, 11, 12,
18, 21, 26, 28, 32–34, 36, 43, 50, 61, 64, 67, 68]. In contrast, we isolate reasoning as a training-design
problem: we train a VLM reasoner to generate free-form natural-language reasoning as guidance, rather
than relying on hand-designed intermediate representations, while keeping the low-level policy frozen.

3. ℛ3: Robotic Reasoners via Reinforcement Learning
To train reasoners for robotic manipulation, we use a hierarchical architecture as in prior work [50]: a
low-level policy controls the robot, while a high-level VLM provides instructions that steer this policy.
Figure 2 shows our specific architecture. Our goal is to train the high-level VLM to reason in natural
language before issuing an instruction. We describe our problem setup first and then our approach.
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3.1. Problem Setup and Environments

We model each task as a decision process ℳ𝑔 = (𝒮, 𝒜, 𝑃, 𝑟𝑔), where 𝑔 is a textual long-horizon goal,
𝑠𝑡 ∈ 𝒮 contains visual and proprioceptive information, 𝑎𝑡 ∈ 𝒜 is a robot action, 𝑃 is the transition
dynamics, and 𝑟𝑔 is a binary success reward. For example, 𝑔 might be “make a V-shape with the red
moon, blue cube, and yellow star.” We assume access to a pretrained low-level policy 𝜋lo(𝑎𝑡|𝑠𝑡, 𝑢𝑡), where
𝑢𝑡 ∈ 𝒰 is a short-horizon subtask instruction such as “move the red block left” or “push the blue cube
to the green star”. We train a high-level VLM 𝜋𝜃(z𝑡, 𝑢𝑡|x𝑡, 𝑔), where x𝑡 is the history context, z𝑡 is the
reasoning trace, and 𝑢𝑡 is the instruction to the low-level policy. At each step, the high-level VLM uses z𝑡

to reason about the progress of the task and the consequences of the action, emits 𝑢𝑡, and the low-level
policy executes a fixed-length action chunk 𝑎𝑡, with z𝑡, 𝑢𝑡 ∼ 𝜋𝜃(·|x𝑡, 𝑔) and 𝑎𝑡 ∼ 𝜋lo(·|𝑠𝑡, 𝑢𝑡).
Training the reasoner requires design choices that are central to any learning-based robotic system: (1)
what data should be used, and how the reasoning process should be parameterized; (2) how to initialize or
warm-start the reasoner; (3) what objective can improve reasoning beyond simply memorizing reasoning
from experts. In this section, we develop ℛ3, a recipe for training robotic reasoners. At a high level,
ℛ3 collects high-coverage expert trajectories on diverse tasks, mid-trains the VLM on a small portion of
expert reasoning traces to initialize the desired reasoning style, and further improves it with rubric-based
RL from more offline non-reasoning expert data on a broader set of tasks. This turns expert manipulation
demonstrations into practical training signals for reasoning, while avoiding expensive robot rollouts.

Make a horizontal 
line with red and 

blue blocks

Reasoning: …
Instruction: …

RGB Task Goal Interaction History

High-level Reasoner
Qwen3.5-4B

Reasoning: …    Instruction: …

Push the blue 
moon downward

Executed InstructionRGB + Proprio.

Low-level Actor

	∆x, ∆y	
Action

Figure 2: Policy architecture. A high-level
VLM generates a reasoning trace and an in-
struction given the scene, goal, and previous
response. A language-conditioned low-level
actor takes the instruction as input and emits
the action that controls the robot.

Data collection for Language Table. Training a reasoner for ma-
nipulation requires more than states, actions, and subtask anno-
tations. Standard teleoperated demonstrations, even when post-
processed with subtasks or instructions [27], do not explain why
an expert chooses the subtask, how it interprets partial progress,
or how it recovers from mistakes. We need data that covers di-
verse behaviors (including behaviors that showcase recovery and
imperfect attempts at manipulation or high-level planning) and
intermediate states, with reasoning traces that explain high-level
decisions. The tasks themselves must also require heavy reason-
ing: if they are too short-horizon or solvable from the current
frame, reasoning provides little benefit and may be discarded
during post-training [19]. Unfortunately, a number of simulated
environments test short-horizon performance in relatively sim-
ple scenes, with no clear room for benefiting from reasoning in
language. In contrast, Language Table provides cluttered scenes
with somewhat imperfect low-level policies, and this requires
a reasoning system to deliberately evaluate multiple courses of
action to succeed at the task.
We therefore design 14 types of long-horizon block arrangement
tasks in Language Table that require composing object move-
ments and reasoning about spatial relationships. The task suite
is designed to test relational transfer, compositional generalization, and present increasing geometric
difficulty. Such training data could be collected from human experts verbalizing their thought process
while performing teleoperation, but this is expensive and difficult to scale for statistically significant

4



ℛ3: Training Robots to Reason in Natural Language via Reinforcement Learning

t = 0 t = 1 t = 5 t = 7 t = 9 
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Done

x 4 x 2 x 2
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Currently, the green cube, yellow star, 
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aligned vertically in the center of the 

board. The green star is located to the 

right of this column …, the green star 

needs to be moved into the vertical line. 

Moving it to the bottom side of the 

yellow pentagon will extend the existing 

line and include all the required blocks. 

Instruction: move the green star to the 

bottom side of the yellow pentagon.

t = 7

Figure 3: Example of expert-collected trajectory and reasoning trace on the line task of Language Table. The notation
×𝑛 indicates that the expert repeats this instruction 𝑛 times.

results in a controlled study1. Thus, we emulate this setting with an expert VLM reasoner: given a task
goal, the current observation, and the interaction history, the VLM produces a reasoning trace followed
by a short-horizon instruction for steering the low-level policy. The low-level policy executes the action,
the environment transitions, and the process repeats.
We use Gemini 3 Flash as the “human” expert and construct two data subsets based on the supervision
exposed to the learner. The first subset exposes expert reasoning traces together with the instructions, and
is used to seed reasoning behaviors during mid-training (Section 3.2). The second subset exposes only
expert instructions, with reasoning traces withheld, and is used for RL (Section 3.3). This emulates the
supervision regime we target: high-quality reasoning traces are expensive, while subtask-level instruction
labels are easier to obtain. In RL, the model must generate its own reasoning and receives reward
by comparing its predicted instruction against the expert’s. This separation also aligns with practical
constraints on data collection: while expert reasoning is difficult to obtain for all transitions, expert
instructions are readily available in many settings.

Figure 4: Example grocery packing task. From left to
right: left-wrist, base, and right-wrist camera views.

Data collection for grocery packing. To demonstrate
the generality of our findings, we also apply our ap-
proach to a bimanual long-horizon grocery packing
task suite [2]. These data are collected by human op-
erators via teleoperation across a set of simulated task
goals (see Figure 4 for examples), rather than by a Gem-
ini expert. The collected data are then post-processed
into segments, each labeled with a short-horizon in-
struction that specifies the task performed in that segment. In this setup, we do not assume access
to reasoning traces and rely on direct RL on top of the base VLM (i.e., “RL zero” [13]) to improve
performance. Thus, this setting removes the need to collect reasoning traces altogether.

Task w/o history w/ history

line 44.9% 51.0%
V 52.3% 57.6%

Table 1: Ablation of interaction history on
the expert. Incorporating history improves
the expert VLM’s performance.

Input to the VLM. Humans naturally rely on memory when
solving long-horizon (manipulation) tasks, often maintaining a
coherent plan and reusing or refining previous actions. Without
history context, the expert lacks these behaviors. We therefore
collect data both with and without history. History can be rep-
resented in several ways, including past frames, past responses,
and learned summaries. In this work, we instantiate history as
the full response from the previous step. This allows the VLM to

1That said, a protocol that records the “stream of consciousness” of a human teleoperator using a microphone and rewrites
this data with off-the-shelf VLMs can be utilized for seeding reasoning behavior.
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carry forward its inferred progress and plan. We evaluate Gemini 3 Flash, the expert reasoner, on two
representative tasks, line and V (see Appendix A for task descriptions), with and without history in the
context. As shown in Table 1, history context consistently improves pass@1: from 44.9% to 51.0% on
line, and from 52.3% to 57.6% on V. These gains suggest that history helps to track progress, resolve
ambiguities, and preserve a coherent plan. Therefore, we use history for our data collection. Examples of
the collected trajectories are shown in Figure 3 and Appendix C.

3.2. Stage I: Mid-Training Reasoning Behaviors into the VLM

In preliminary experiments, we found that even the strongest open-source VLMs at model sizes suitable
for real-time robotic control, i.e., under 10B parameters, did not naturally produce the style of reasoning
needed for our manipulation tasks. Their reasoning was often shallow: it mentioned generic steps such
as identifying objects or moving toward the goal, but failed to track task progress, object relations,
failed attempts, or constraints that are critical for selecting the next subtask. In Appendix C, we observe
that the base model either fails to use spatial relationships between blocks or blindly trusts that the
previous instruction was executed correctly, and these behaviors inhibit it from solving the task. We
also observed substantial thought-switching, a failure mode related to “underthinking” [57]. These
observations highlight the need for a warm-up training stage before off-the-shelf VLMs can serve as
reliable robotic reasoners.
Pretrained models often cannot produce useful or productive reasoning even when they can generate
natural-sounding chains of thought. A common fix is mid-training: a phase that does not optimize reward
directly, but instead initializes the model with useful reasoning patterns or priors such as decomposition,
constraint tracking, and self-correction [44]. We adopt the same idea for robotic reasoning by mid-training
the VLM on expert-generated reasoning traces. This mirrors the role of mid-training in language and
math reasoning, where the goal is to expose the model to useful reasoning patterns before RL [45, 58].
Concretely, each mid-training example consists of an interaction context x𝑡, an expert reasoning trace z𝑡,
and a high-level instruction 𝑢𝑡. Let y𝑡 = (z𝑡, 𝑢𝑡) denote the target sequence formed by concatenating the
reasoning and instruction. We train with a standard next-token prediction objective:

ℒSFT(𝜃) = −E(x𝑡,y𝑡)∼𝒟SFT, 𝑖∼Unif({1,...,|y𝑡|}) [log 𝑝𝜃(y𝑡,𝑖 | x𝑡, y𝑡,<𝑖)] . (3.1)

This teaches the model to reason about the state and interaction history before emitting the instruction for
the low-level policy. We train on both successful and unsuccessful reasoning traces. Successful trajectories
show how reasoning leads to useful instructions, while unsuccessful trajectories still provide supervision
about partial progress, mistakes, and recovery attempts.

3.3. Stage II: Rubric-Based Single-Step RL with Offline Data

While mid-training seeds the VLM with the desired reasoning behaviors, it does not ensure that test-time
reasoning produces effective instructions for steering the low-level policy. A natural next step to optimize
for reasoning behavior would be online RL: run multi-turn rollouts that interleave calls to the high-level
VLM reasoner with executions of the low-level policy, and use final task success as the reward. However,
this requires expensive environment interaction and long-horizon credit assignment. Credit assignment
is especially difficult in our hierarchical setting, where failures can arise from poor reasoning, ambiguous
high-level instructions, or bad instruction following of the fixed low-level policy.
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We therefore use a single-step formulation for RL on an expert dataset consisting of an interaction
history x𝑡 and the corresponding expert instruction 𝑢⋆

𝑡 , with no expert reasoning. The model samples
(z𝑡, 𝑢𝑡) ∼ 𝜋𝜃(·|x𝑡, 𝑔), where z𝑡 is a free-form reasoning and 𝑢𝑡 is the low-level instruction. We reward
the model when 𝑢𝑡 is semantically consistent with 𝑢⋆

𝑡 , and when z𝑡 explains why this instruction is
appropriate given the scene and interaction history. Thus, single-step RL improves the reasoner from
action supervision, without requiring human-written rewards or multi-turn robot rollouts.
The reward function receives 𝑔, x𝑡, 𝑢⋆

𝑡 , and (z𝑡, 𝑢𝑡), and returns a scalar reward 𝑅(x𝑡, 𝑔, 𝑢⋆
𝑡 , z𝑡, 𝑢𝑡). It can

be instantiated either as a VLM judge guided by rubrics or a verifiable reward. While a verifiable reward
as simple as string matching is easy to implement, VLM-as-a-judge allows for more flexible answer formats
and more detailed scoring criteria. We also assign a negative reward to overly short responses to avoid
degenerate traces that skip reasoning and jump directly to the final instruction. We then train the VLM
reasoner with Dr.GRPO [38]. For each context x𝑡, we sample a group of 𝐾 responses {(z(𝑘)

𝑡 , 𝑢
(𝑘)
𝑡 )}𝐾

𝑘=1,
score them each with the reward 𝑅(𝑘). We then optimize a policy gradient loss:

ℒGRPO(𝜃) = −E𝑡,𝑘

[︁
min

(︁
𝜌

(𝑘)
𝑡 𝐴(𝑘), clip(𝜌(𝑘)

𝑡 , 1 − 𝜖clip, 1 + 𝜖clip)𝐴(𝑘)
)︁]︁

, (3.2)

where 𝜌
(𝑘)
𝑡 = 𝜋𝜃(z(𝑘)

𝑡 ,𝑢
(𝑘)
𝑡 |x𝑡,𝑔)

𝜋𝜃old (z(𝑘)
𝑡 ,𝑢

(𝑘)
𝑡 |x𝑡,𝑔)

denotes the importance-sampling ratio between the current and old policy,
and 𝐴(𝑘) = 𝑅(𝑘) − 1

𝐾

∑︀𝐾
𝑗=1 𝑅(𝑗) is the advantage obtained by normalizing rewards within the group.

Summary: Training Robotic Reasoners via Reinforcement Learning (ℛ3)
• ℛ3 trains a high-level VLM to reason before instructing a pretrained low-level robot policy.
• We mid-train on a small reasoning-labeled subset to initialize useful reasoning behaviors.
• We then apply single-step RL on broader offline data containing only expert instructions.

RL design choices for Language Table. We use VLM-as-a-judge as the reward function on Language
Table because the valid instruction set is not finite, and multiple instructions can be equivalent to steering
the policy. The VLM judge, Qwen3.5-35B-A3B, follows rubrics that evaluate whether the predicted
instruction aligns with the expert’s intent, is feasible for the low-level policy, and would lead to a similar
outcome. Therefore, the reward reflects semantic matching rather than string matching. We provide the
detailed reward in Appendix A.4 and the rubrics in Appendix D.2. We validate the VLM judge against
human labels in Appendix B.3. On 100 prompt–response pairs scored by three human annotators, our
judge agrees closely with the human-majority labels, approaching inter-annotator agreement. Alternative
VLM judges perform similarly, indicating that our reward is reliable and insensitive to judge choice.
In particular, we highlight two other design choices: (1) Reasoning context imputation. The RL data
contains expert instructions but not expert reasoning traces. Because the previous response is part of
the interaction history, we impute missing reasoning by sampling 48 responses from the mid-trained
model at each step. If any sampled response results in the same instruction as the expert at the previous
state, we use it as the previous-step context; otherwise, we provide only the previous instruction with
no reasoning. (2) Filtering repetitive steps. In our preliminary RL experiments, the VLM reasoner often
learned to repeat the previous instruction, since many expert trajectories contain repeated instructions,
and repetition can become a severe reward shortcut during RL. We therefore remove repetitive steps
from RL data so that training focuses on meaningful instruction changes. We observe that the fraction of
repeated instructions of the VLM decreases only slightly after RL, suggesting that this data filtering does
not prevent the model from repeating instructions when appropriate.
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Imitation Ours Δ Ref.

Base
(w/o reason)

IL
(mid only) IL Base ℛ3

(mid only)
ℛ3

(RL only)
ℛ3

(1/4th mid) ℛ3 ℛ3 – IL Gemini

𝒯M (mid-training tasks)
group 11.9 ± 1.9 54.4 ± 2.9 64.7 ± 2.8 24.1 ± 2.5 53.8 ± 2.9 38.9 ± 3.3 55.3 ± 2.9 65.8 ± 3.0 +1.1 ± 4.1 71.3
line 5.7 ± 1.4 23.6 ± 2.6 33.9 ± 2.9 8.8 ± 1.7 22.9 ± 2.5 19.4 ± 2.7 31.8 ± 1.9 32.4 ± 3.1 −1.5 ± 4.2 51.0
V 22.8 ± 2.5 25.3 ± 2.6 40.9 ± 3.0 21.1 ± 2.4 33.3 ± 2.8 37.4 ± 3.2 69.4 ± 2.6 69.2 ± 2.9 +28.3 ± 4.2 57.6
L 24.8 ± 2.6 29.6 ± 2.7 34.9 ± 2.8 25.2 ± 2.6 28.1 ± 2.7 27.6 ± 3.1 29.4 ± 2.7 35.2 ± 3.4 +0.3 ± 4.4 36.2
clear_qtr 35.9 ± 2.7 89.0 ± 1.7 91.8 ± 1.5 49.2 ± 2.7 90.7 ± 1.6 86.2 ± 2.2 93.0 ± 2.3 93.8 ± 2.0 +2.0 ± 2.5 88.9
iip 0.2 ± 0.3 30.8 ± 2.6 35.6 ± 2.8 1.5 ± 0.7 28.9 ± 2.6 25.3 ± 2.9 28.0 ± 2.5 35.5 ± 2.7 −0.1 ± 3.9 34.0

𝒯R (RL tasks)
T 6.4 ± 1.4 6.9 ± 1.5 7.9 ± 1.6 6.2 ± 1.4 6.9 ± 1.5 8.7 ± 2.0 9.0 ± 1.4 9.9 ± 2.2 +2.0 ± 2.7 10.7
gris 15.0 ± 2.0 27.3 ± 2.6 58.1 ± 2.9 15.6 ± 2.1 34.8 ± 2.8 24.0 ± 2.9 31.4 ± 2.3 47.8 ± 3.3 −10.3 ± 4.4 64.7
iV 19.0 ± 2.4 21.7 ± 2.5 38.9 ± 2.9 17.2 ± 2.2 21.7 ± 2.5 36.9 ± 3.2 61.9 ± 2.5 57.5 ± 2.6 +18.6 ± 3.9 57.0

𝒯O (OOD held-out tasks)
diag_line 23.8 ± 2.5 18.2 ± 2.3 16.7 ± 2.2 34.6 ± 2.9 37.8 ± 2.9 26.3 ± 3.0 34.2 ± 2.8 30.9 ± 3.0 +14.2 ± 3.7 29.9
rect 1.8 ± 0.8 2.1 ± 0.9 2.1 ± 0.9 1.8 ± 0.8 1.7 ± 0.8 12.0 ± 2.3 6.6 ± 1.1 6.0 ± 1.3 +3.9 ± 1.6 9.4
mid 56.3 ± 2.8 36.4 ± 2.8 42.3 ± 2.9 49.3 ± 3.0 41.7 ± 2.9 53.9 ± 3.3 45.7 ± 2.8 51.0 ± 4.1 +8.7 ± 5.0 69.5
iL 23.3 ± 2.6 26.7 ± 2.7 27.3 ± 2.7 25.6 ± 2.6 27.6 ± 2.7 29.2 ± 3.1 30.6 ± 2.7 37.2 ± 3.7 +9.9 ± 4.6 34.4
clear_half 16.9 ± 2.0 63.1 ± 2.5 69.7 ± 2.4 27.3 ± 2.3 65.6 ± 2.5 59.0 ± 2.9 79.2 ± 2.6 74.5 ± 2.1 +4.8 ± 3.2 74.2

Table 2: Main results. We compare base models, imitation baselines, and ℛ3 variants. Values are percentages with 95%
confidence intervals. The green/red cells in the Δ column mark significant gains/losses (|Δ| > CI). Gemini’s performance
during data collection is shown for reference. Bold/underlined values mark the best/second-best non-expert model.

RL design choices for grocery packing. Packing instructions form a finite set of pack / remove / transfer
commands, each without semantic ambiguity, so the policy can be prompted and trained to match the
exact ground-truth instruction. We therefore use a simple exact-match reward instead of VLM-as-a-judge:
1.0 if the parsed instruction string equals the expert instruction, and 0.0 otherwise. We also empirically
found that instantiating interaction history as the previous response or the previous instruction yields
comparable performance, so we simply use the previous instruction, thereby eliminating the need for the
reasoning context imputation process before RL.

4. Experimental Evaluation on Language Table

We now evaluate whether ℛ3 turns VLMs into effective high-level reasoners for steering the low-level
manipulation policy via instructions. Concretely, we organize the experimental evaluation around the
following questions: (1) How do different variants ofℛ3 perform on in-distribution and out-of-distribution
tasks, and how does ℛ3 compare with instruction-only imitation learning baselines? (2) Are the gains
from ℛ3 merely due to better representations learned from reasoning supervision, or does explicit test-
time compute provide additional benefits? (3) What specific reasoning behaviors does ℛ3 learn, and
how do mid-training and RL change the reasoning traces and induced robot behaviors? We provide a
comprehensive set of experiments to answer these questions, alongside comparisons with adaptation of
approaches from prior work in our setting.
Experimental setup and task design. We design the task suite to test whether the learned reasoning
aids manipulation. To do so, we construct 14 long-horizon tasks in Language Table, each specified by
a high-level textual goal requiring the agent to arrange 8 blocks into spatial patterns. We split these
tasks into three splits used for mid-training, RL, and evaluation. The split is chosen to probe three
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kinds of generalization: (i) transfer to structurally related held-out tasks, (ii) compositional reuse of
skills, and (iii) scaling to more difficult geometric arrangements. In particular, we use 6 mid-training
tasks 𝒯M = {group, line, V, L, clear_qtr, iip}, 3 additional RL tasks 𝒯R = {T, gris, iV}, and 5 out-of-
distribution held-out tasks 𝒯O = {diag_line, rect, mid, iL, clear_half}. RL uses all 9 tasks in 𝒯M ∪ 𝒯R,
while 𝒯O is held out for evaluation. Many held-out tasks share structure with training tasks, such as
task pairs (iV, V), (iL, L), and (clear_qtr, clear_half); gris combines skills from group and iip;
L, T, rect form a progression of increasing geometric difficulty. Detailed task descriptions are provided in
Appendix A. For each mid-training task, we prompt the expert, Gemini 3 Flash, to collect 4 trajectories
per scene over 64 different scenes, resulting in 256 trajectories per task for mid-training. As discussed in
Section 3, we use all collected trajectories for mid-training, rather than only successful ones. For RL, we
use 128 successful expert trajectories without reasoning traces per task.
Comparisons and evaluation protocol. We use Qwen3.5-4B as the base model for training. For each task,
we evaluate each method on 64 held-out scenes with 16 trials per scene and report the average success
rate. We present main results in Section 4.1, where we compare ℛ3 against two baseline groups: (1)
recipe ablations, including mid-training only (ℛ3 (mid only)), RL without mid-training (ℛ3 (RL only)),
and RL with mid-training on 1/4th data (ℛ3 (1/4th mid)); (2) imitation learning, i.e., instruction-only
SFT without reasoning, using either mid-training data (IL (mid only)) or all data (IL). Additionally, we
compare with variants of Embodied Chain-of-Thought (ECoT) reasoning in Section 4.4, where free-form
language reasoning is augmented with structured information including end-effector and object states.

4.1. Main Performance Results

Result 1: RL post-training alone improves performance. Table 2 reports the per-task success rates
across ℛ3 variants and instruction-only imitation baselines. Comparing the base model with ℛ3 (RL
only), we find that RL alone can substantially improve performance on training tasks in 𝒯Mand 𝒯R. On
OOD tasks 𝒯O, ℛ3 (RL only) also outperforms the base model on all tasks except diag_line. Thus, RL
alone can improve task performance by reinforcing useful reasoning behaviors even without mid-training.
Result 2: Mid-training improves RL post-training. As shown in Table 2, ℛ3 outperforms the base model
across all mid-training and RL tasks, and consistently improves over ℛ3 (RL only). On OOD tasks, the
gains are more structured: ℛ3 (mid only) improves on iL and clear_half, which are closely related to
L and clear_qtr, but not on rect or mid; this trend persists after RL. The main exception is diag_line,
where both IL and ℛ3 degrade performance due to a substantial behavioral gap between the base model
and the expert. As shown in Section 4.3, they prefer different types of instructions on this task, causing
IL andℛ3 to shift toward behaviors that hurt performance. Interestingly, althoughℛ3 (1/4th mid) slightly
underperforms full ℛ3 on 𝒯M, it already matches or exceeds full ℛ3 on 𝒯R and 𝒯O . Together, these
suggest that mid-training remains a strong warm start, while a modest amount of reasoning data may be
sufficient to recover much of the benefit of RL, particularly for OOD generalization.
Result 3: ℛ3 enables better OOD generalization than instruction-only imitation. As shown in Table 2,
ℛ3 achieves superior or comparable performance to IL on both mid-training and post-training tasks. We
further emphasize that the main advantage of ℛ3 lies in its generalization performance. In particular,
ℛ3 outperforms IL by a large margin across all five OOD tasks. In contrast, IL yields only minor gains
or even degrades performance over the base model on OOD tasks except for clear_half. Notably, on
diag_line and mid, where IL hurts base-model performance, ℛ3 better preserves or improves upon its
reasoning base (smaller drop on diag_line and improvement on mid) while outperforming IL on both.
These results suggest that IL generalizes badly since it primarily memorizes strategies for in-distribution
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training data, whereas ℛ3 effectively generalizes the learned reasoning behavior to OOD tasks.

Takeaways: ℛ3 generalizes beyond the training distribution
• ℛ3 significantly outperforms instruction-only imitation on every held-out OOD task.
• RL discovers useful reasoning automatically from instruction-only demonstrations, while mid-
training makes that optimization more reliable by providing a strong behavioral prior.

4.2. Inference-Time Reasoning Matters Beyond Representation Learning

Some prior work has studied the underlying reasons why chain-of-thought reasoning helps robot manipu-
lation, and has primarily concluded that its benefits arise from improved representation learning [8, 64].
One possible reason is that this line of work explicitly constructs reasoning traces that include vision-
centric information, such as bounding boxes or object coordinates. In fact, Chen et al. [8] show that
using reasoning at test time is not essential, and that its primary benefit comes from providing additional
training-time supervision. These findings somewhat contrast with those in LLMs, where spending addi-
tional test-time compute itself leads to improved performance. A natural question is: are the gains of
ℛ3 explained by better representations learned from reasoning supervision, or does explicit test-time
reasoning itself improve generalization? We answer this question with three complementary pieces
of evidence. First, we evaluate the models on a VQA suite that probes static perception ability and
action-oriented reasoning. Second, we compare ℛ3 against instruction-only imitation baselines that
receive reasoning supervision via pre-training or co-training, but do not generate test-time reasoning.
Third, we intervene directly on the test-time reasoning budget of the same checkpoint by truncating or
removing its reasoning. Together, these results serve as evidence that explicit inference-time reasoning
improves generalization beyond what is achieved by using reasoning only as training-time supervision.

Evidence A: ℛ3 improves both static perception and action understanding, but these improvements
alone do not explain its manipulation gains. To understand what the trained VLM reasoner learns, we
evaluate models on a visual question-answering (VQA) suite. The suite probes both static perception,
such as object localization and spatial relations, and action-oriented reasoning, such as inferring the
instruction that would produce a given transition. We provide details of VQA tasks in Appendix B.1 and
results in Table 10. Overall, we find that both mid-training and RL improve VQA performance. The gains
are small on simple absolute-position questions, but larger on relative-position and distance questions,
which require understanding relationships of multiple blocks. ℛ3 also substantially improves instruction
inference, suggesting that reasoning training also improves the model’s ability to connect scene states to
appropriate high-level actions. In contrast, instruction-execution questions improve less, likely because
they require judging fine-grained success criteria for instructions, which is not optimized in training.
These diagnostics suggest that ℛ3 improves both static perception and action understanding, but they
also show that VQA performance alone, i.e., improving static perception, does not fully explain the gains
in manipulation performance. Even our best model remains far below Gemini on several VQA categories,
yet matches or approaches Gemini on many manipulation tasks. Thus, the gains from ℛ3 are not simply
due to better static perception; they likely also come from changes in how the model uses language reasoning
to steer the low-level policy.

Evidence B: ℛ3 generalizes better than non-reasoning policies that use reasoning as additional
training-time supervision. Following Chen et al. [8], we test whether the benefits of reasoning can be
absorbed into an instruction-only imitation-learning policy through training-time supervision alone. To
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Imitation Ours

IL IL
(Pre-train)

IL
(Co-train) ℛ3 ℛ3

(trunc@100)
ℛ3

(trunc@50)
ℛ3

(w/o reason)

𝒯M (mid-training tasks)
group 64.7 65.9 (+1.2) 66.5 (+1.8) 65.8 60.9 (−4.9) 53.1 (−12.7) 39.8 (−26.0)

line 33.9 34.6 (+0.7) 33.9 (0.0) 32.4 28.9 (−3.5) 21.1 (−11.3) 17.6 (−14.8)

V 40.9 43.4 (+2.5) 36.6 (−4.3) 69.2 59.4 (−9.8) 26.6 (−42.6) 20.3 (−48.9)

L 34.9 38.3 (+3.4) 35.4 (+0.5) 35.2 30.5 (−4.7) 30.5 (−4.7) 32.0 (−3.2)

clear_qtr 91.8 91.8 (0.0) 92.1 (+0.3) 93.8 96.9 (+3.1) 91.4 (−2.4) 91.0 (−2.8)

iip 35.6 33.6 (−2.0) 33.6 (−2.0) 35.5 35.2 (−0.3) 35.9 (+0.4) 24.2 (−11.3)

𝒯R (RL tasks)
T 7.9 7.8 (−0.1) 8.6 (+0.7) 9.9 9.0 (−0.9) 7.0 (−2.9) 7.4 (−2.5)

gris 58.1 60.8 (+2.7) 50.3 (−7.8) 47.8 44.1 (−3.7) 25.0 (−22.8) 22.1 (−25.7)

iV 38.9 48.2 (+9.3) 37.9 (−1.0) 57.5 52.3 (−5.2) 27.3 (−30.2) 17.6 (−39.9)

𝒯O (OOD held-out tasks)
diag_line 16.7 21.9 (+5.2) 25.1 (+8.4) 30.9 28.1 (−2.8) 24.2 (−6.7) 21.9 (−9.0)

rect 2.1 1.8 (−0.3) 1.4 (−0.7) 6.0 3.9 (−2.1) 4.7 (−1.3) 2.3 (−3.7)

mid 42.3 44.1 (+1.8) 38.9 (−3.4) 51.0 52.0 (+1.0) 43.0 (−8.0) 50.0 (−1.0)

iL 27.3 33.3 (+6.0) 29.3 (+2.0) 37.2 37.9 (+0.7) 30.5 (−6.7) 27.7 (−9.5)

clear_half 69.7 69.0 (−0.7) 74.4 (+4.7) 74.5 73.4 (−1.1) 73.8 (−0.7) 76.0 (+1.5)

Table 3: IL with pre-training or co-training on reasoning, and truncation of ℛ3 reasoning at test time. Values are
percentages. Parenthetical values for IL (Pre-train) and IL (Co-train) indicate absolute changes relative to IL; for truncated ℛ3

variants, they indicate absolute changes relative to full ℛ3.

do so, we incorporate reasoning-labeled examples into the imitation-learning baseline in two ways, while
removing reasoning at test time. In the pre-training variant, we initialize imitation learning from our mid-
trained reasoner, ℛ3 (mid only), rather than from the base Qwen3.5-4B model. In the co-training variant,
we train on a mixture of the reasoning-labeled mid-training data used by ℛ3 and the instruction-only
imitation-learning data. We denote these variants as IL (Pre-train) and IL (Co-train), respectively.
Table 3 compares the results of IL, IL (Pre-train), IL (Co-train), and ℛ3. On mid-training tasks, the
four models achieve broadly comparable performance, with the notable exception of V, where ℛ3 sub-
stantially outperforms the imitation learning variants. On tasks unseen during mid-training (𝒯R and
𝒯O), adding reasoning supervision through pre-training or co-training improves generalization in sev-
eral cases: pre-training yields sizable gains on iV and iL, while co-training improves performance
on diag_line and clear_half. These indicate that reasoning supervision can indeed help imitation
learning by improving representations. However, these gains are not sufficient to match the perfor-
mance of our approach. In particular, on OOD tasks, ℛ3 consistently outperforms all imitation variants.

Figure 5: Per-task token length.

This gap suggests that reasoning cannot simply be discarded at inference
time; the benefit of reasoning cannot be fully captured by pre-training
Instead, explicit inference-time reasoning provides an additional source
of generalization by enabling the model to plan, adapt, and select task-
relevant instructions online.
Evidence C: Increasing the inference-time reasoning budget improves
success. Using the same ℛ3 checkpoint, we vary the reasoning budget
to compare performance using no reasoning, reasoning truncated at
50 or 100 tokens, and full reasoning. In Table 3 (“Ours” group),
we see that allowing a larger reasoning budget generally yields marked gains, especially on group,
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line, V, iip, gris, iV, diag_line, rect, and iL. Since these variants differ only in the inference-time
reasoning budget, this comparison isolates the effect of inference-time reasoning while holding the learned
representations fixed. Additionally, Figure 5 shows that our model generally elicits longer reasoning
traces on harder, lower-success tasks. Together, these results provide causal evidence that reasoning
contributes substantially to task success and serves as useful test-time compute.

Takeaways: Reasoning and representation learning
• While ℛ3 does improve perception and action understanding, gains in perception alone do not
explain improvements on reasoning and manipulation.

• Using reasoning data as auxiliary supervision for co-training does not explain its benefits.
• Increasing the inference-time budget improves performance and the trained reasoner spends
more tokens for reasoning on harder tasks.

4.3. Understanding Reasoning Behaviors Learned by ℛ3

Figure 6: RL affects instruction distributions. RL from
the base model broadly rewrites the instruction distribu-
tion, while RL after mid-training makes localized edits.

ℛ3 learns reasoning strategies useful for manipula-
tion. Beyond success rates, we qualitatively inspect the
reasoning traces produced byℛ3 in Appendix C. These
traces suggest that ℛ3 learns behaviors useful for long-
horizon manipulation that are under-represented in
the mid-training data. First, the trained reasoner com-
pares multiple alternatives and performs self-correction
before choosing instructions. In Figure 17, it consid-
ers object-vertex assignments, notices that its initial
plan is inconsistent with the current scene, and revises
the plan. Second, the reasoner uses reasoning to re-
solve visual and historical uncertainty. In Figure 16, an
object is partially occluded by the arm; rather than
blindly following the previous response, the model re-
examines the scene, task information, and history to
infer the correct object state. We further qualitatively
compare aligned reasoning traces from the base, mid-
trained, and RL-trained variants on the same 30 vali-
dation scenes. Full analyses are in Appendix B.2. The
base model is exploratory but unreliable, with variable formatting, hallucinated objects, non-convergent
backtracking, and malformed instructions. Mid-training largely fixes these interface-level failures, but
often gives terse and single-pass reasoning. RL after mid-training preserves this reliability while making
reasoning more state-aware: the model more often restates task constraints, tracks progress, and chooses
next steps incrementally. Together, these comparisons suggest that mid-training stabilizes the reasoning
interface, and RL refines it into more deliberate action-oriented planning.
Mid-training learns behavioral priors aligned with the expert that RL selectively updates. We
analyze the distribution of instruction primitives produced by each model in Figure 6. The base model’s
distribution differs substantially from the expert’s, overusing short-horizon primitives such as MoveRelObj
and underusing MoveAbs on spatial-target tasks. RL from the base model improves success, but does
not recover the expert distribution; instead, it often shifts the policy toward a different mode, overusing
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MoveAbs or PushInto. Mid-training largely aligns the model’s instruction distribution with the expert’s,
providing a strong behavioral prior before RL. When RL is applied after mid-training, the resulting
instruction distribution remains largely consistent with the mid-trained model, with larger shifts occurring
mainly where the mid-trainedmodel is still mismatched with the expert, such as increased use of PushInto
on diag_line/gris and MoveAbs on V and iV. This supports the role of mid-training as a warm start:
from a weak prior, RL must discover new useful behaviors, whereas with mid-training, RL can refine
an already reasonable behavior distribution. This refinement also reflects the mode-seeking nature of RL,
illustrated by the example in Figure 20. For such tasks where expert strategies are diverse, mid-training
exposes the model to a broad range of behaviors, and subsequent RL tends to concentrate its behavior
around good strategies for higher rewards. We also observe that rare instructions (Separate, Touch, and
ArmMoveAbs) collapse after RL, suggesting that behaviors misaligned with the expert are dropped in RL.

4.4. Comparison with Approaches that Use Structured CoT Templates

Prior works often rely on structured reasoning templates, which encode procedural reasoning patterns
shared across scenes. For example, ECoT [8, 64] constructs a vision-centric CoT containing bounding
boxes and object coordinates. Related approaches structure intermediate reasoning through object,
grasp, and affordances [33], visual subgoals [67], end-effector paths [34], depth-aware perception
and image-space trajectories [32], or structured descriptions of driving states [21]. In this section, we
compare our approach against an adaptation of ECoT to our setting, where we augment the reasoning
trace with explicit annotations obtained from simulator state. Specifically, our ECoT implementation
includes the task goal, end-effector state, object states, language reasoning, and the resulting instruction.

Ours Post-hoc Ours Post-hoc
+ ECoT + ECoT

𝒯M (mid-training tasks)
group 53.8 53.9 51.0 46.6
line 22.9 19.7 20.6 20.6
V 33.3 28.7 28.4 30.2
L 28.1 31.1 28.3 25.9
clear_qtr 90.7 89.3 87.5 86.7
iip 28.9 27.7 27.9 24.7

𝒯R and 𝒯O (held-out tasks)
T 6.9 10.3 6.6 7.4
gris 34.8 24.6 26.4 25.8
iV 21.7 22.8 21.9 22.4
diag_line 37.8 35.2 36.6 34.8
rect 1.7 2.3 1.7 2.6
mid 41.7 39.8 39.8 36.7
iL 27.6 25.9 27.2 28.8
clear_half 65.6 66.7 66.4 62.8

Table 4: Evaluation results of ECoT vari-
ants. Trained by SFT on only our mid-
training data. Values are percentages. Bold
values mark the best model.

We compare four variants of reasoning supervision for mid-
training, defined along two axes: (1) when the reasoning anno-
tations are obtained: reasoning recorded during data collection
(“Ours”) versus reasoning retrospectively labeled on demonstra-
tion data (“Post-hoc”), following prior ECoT training [8, 64];
and (2) reasoning style: free-form language reasoning versus
ECoT-style reasoning (“+ECoT”). We then derive four different
combinations of SFT data: “Ours", “Post-hoc", “Ours+ECoT", and
“Post-hoc+ECoT". Note that “Ours" here refers exactly to “ℛ3 (mid
only)" for the main results. We train all variants by SFT on our
mid-training data, which contains only 𝒯M tasks, and 𝒯R and
𝒯O are used as held-out tasks for evaluation. Our motivation and
implementation details of ECoT are provided in Appendix A.7.
ECoT-style reasoning does not provide additional benefit. Ta-
ble 4 reports the evaluation results of the four variants. Com-
paring the ECoT variants with their non-ECoT counterparts, we
find that adding ECoT components slightly degrades overall per-
formance. This suggests that in our setting, ECoT does not provide additional benefit over our free-form
language reasoning. One possible explanation is that our tasks require reasoning about long-horizon
task progress, execution failures, and closed-loop replanning, whereas the additional ECoT components
primarily make low-level visual grounding information explicit, such as end-effector and object states.
Comparing “Ours” with “Post-hoc”, we find that post-hoc reasoning performs comparably to reasoning
recorded during data collection. In theory, one could expect that reasoning recorded during the data
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collection process should outperform post-hoc labeling since the former captures the true causal factors
behind the action, whereas the latter only provides a potentially imperfect estimate, but they perform
comparably in our experiments. We hypothesize that this is because our post-hoc reasoning traces are
generated by Gemini for trajectories also collected by Gemini. As a result, post-hoc reasoning generation
may be easier than in a more realistic setting where the reasoning model must explain actions produced
by a different expert, such as human or another policy. A more complete analysis would require systemat-
ically varying both the trajectory collector and reasoning generator, e.g., using GPT to generate post-hoc
reasoning for Gemini trajectories. We leave this comparison to future work.

Takeaways: What makes ℛ3 effective
• Mid-training anchors a broad, expert-like behavior distribution; RL then refines that prior into
more deliberate action-oriented planning and concentrated behaviors.

• Reasoning enables progress tracking, recovery from failures, and closed-loop replanning that
matters more than visual grounding, making structured CoTs less useful.

5. Experiments on Bimanual Grocery Packing
Experimental setup and task design. We next test whether our approach extends to a bimanual
grocery packing task from forthcoming work [2]. The task is instantiated in a dual-arm grocery packing
workspace using a dual xArm-7 platform, following RaC [24]. Detailed descriptions of the environment
setup, task goals, success criteria, and a comparison with Language Table are provided in Appendix A.2
and Appendix A.3. We use the dataset of human teleoperation data labeled with instructions directly
from Anonymous [2], and fine-tune 𝜋0.5 [27] on this data to obtain a steerable low-level policy. We
skip Stage I mid-training because the base VLM already produces useful reasoning on this domain and
because no reasoning annotations are provided in Anonymous [2]. To construct data for Stage II RL,
we sample frames from each segment, oversampling the onset and pre-completion of the subtask. See
Appendix A.2 for details. Each training example conditions the VLM on the three current views and the
long-horizon goal and supervises the current instruction.
Comparisons and evaluation protocol. We use the same Qwen3.5-4B base model as on Language Table.
We compare: (1) the base model with and without reasoning; (2) instruction-only imitation (IL) without
reasoning; and (3) our method ℛ3 (RL only), i.e., RL with the string-match reward, initialized from the
base model. We evaluate on 12 held-out task configurations unseen in the training data, Task 1–Task
12. For each of the 12 held-out tasks we run 5 environment seeds × 10 rollouts (50 episodes per task;
600 in total). An episode is successful if every goal object is stably packed in its assigned tray, designated
clutter is cleared, and any orientation constraint is satisfied. We also report normalized task progress as
a metric, which reflects the fraction of packing stages (goal objects) completed.
Result: ℛ3 (RL only) outperforms instruction-only imitation. Table 5 reports per-task success rates
and normalized progress. Consistent with Language Table, our approach attains substantially higher
overall success and progress than instruction-only IL without reasoning. These results suggest that our
recipe successfully transfers to long-horizon bimanual manipulation beyond Language Table, and that
Stage I mid-training can be skipped when the base VLM already produces useful reasoning on the target
domain. Qualitative examples of rollouts in Appendix C show the same action-oriented behaviors as on
Language Table: the reasoner tracks packing progress from the three camera views (Figures 21 and 22)
and can re-examine the scene to correct an initially wrong object localization (Figure 23).
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Success Rate Progress

Base
(w/o reason)

IL
(w/o reason)

Base
(w/ reason) Ours Base

(w/o reason)
IL

(w/o reason)
Base

(w/ reason) Ours

Task 1 76.0 ± 12.0 42.0 ± 13.3 84.0 ± 15.7 90.0 ± 7.9 81.0 ± 10.1 69.0 ± 7.6 86.0 ± 14.1 91.0 ± 7.4
Task 2 100.0 ± 0.0 100.0 ± 0.0 96.0 ± 7.8 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 98.7 ± 2.6 100.0 ± 0.0
Task 3 0.0 ± 0.0 40.0 ± 14.1 0.0 ± 0.0 60.0 ± 14.2 59.0 ± 2.7 78.0 ± 5.7 38.7 ± 4.9 84.0 ± 6.5
Task 4 4.0 ± 5.5 12.0 ± 9.2 12.0 ± 13.6 26.0 ± 12.7 48.0 ± 6.5 49.0 ± 7.2 45.0 ± 10.2 66.5 ± 7.8
Task 5 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 16.0 ± 10.3 34.0 ± 4.8 31.6 ± 3.4 38.4 ± 6.2 66.0 ± 6.5
Task 6 6.0 ± 6.8 16.0 ± 10.3 0.0 ± 0.0 28.0 ± 12.4 42.0 ± 8.2 52.5 ± 9.1 43.0 ± 11.4 55.5 ± 10.7
Task 7 0.0 ± 0.0 44.0 ± 13.7 0.0 ± 0.0 10.7 ± 15.2 50.0 ± 0.0 74.0 ± 7.0 50.0 ± 0.0 55.3 ± 7.6
Task 8 0.0 ± 0.0 0.0 ± 0.0 4.0 ± 7.8 6.0 ± 6.8 28.8 ± 5.9 21.2 ± 7.0 35.2 ± 9.7 36.0 ± 10.5
Task 9 20.0 ± 10.9 86.0 ± 8.6 36.0 ± 18.4 84.0 ± 10.6 67.5 ± 6.7 92.0 ± 5.7 74.0 ± 10.4 91.0 ± 7.1
Task 10 10.0 ± 8.4 48.0 ± 14.0 16.0 ± 14.7 54.0 ± 14.3 51.5 ± 6.9 83.5 ± 5.4 54.0 ± 12.2 84.0 ± 6.0
Task 11 20.0 ± 11.4 54.0 ± 13.5 32.0 ± 18.4 72.0 ± 12.8 69.6 ± 6.8 84.8 ± 6.4 80.0 ± 8.8 87.2 ± 7.1
Task 12 0.0 ± 0.0 14.0 ± 9.1 0.0 ± 0.0 28.0 ± 11.5 28.4 ± 7.2 48.8 ± 9.4 36.0 ± 13.1 60.8 ± 10.3

Mean 19.7 ± 1.9 38.0 ± 3.0 23.3 ± 3.2 47.9 ± 3.3 55.0 ± 1.8 65.4 ± 1.9 56.6 ± 2.8 73.1 ± 2.2

Table 5: Main results on grocery packing. Success rate and normalized progress on 12 held-out tasks. Values are percentages
with 95% confidence intervals. Bold values mark the best model.

6. Discussion and Perspectives on Future Work
We introduced ℛ3, a recipe for training VLMs to reason flexibly in natural language before issuing
high-level instructions that steer a fixed low-level robot policy. By combining mid-training on expert
reasoning traces with rubric-based single-step reinforcement learning from offline action data, ℛ3 learns
to generate action-oriented reasoning that can guide a frozen low-level robot policy. Experiments on
Language Table and bimanual grocery packing show that this approach improves performance over
instruction-only imitation without reasoning. On Language Table, ℛ3 further improves across both seen
and unseen long-horizon tasks and demonstrates stronger out-of-distribution generalization. We further
find that the trained reasoner learns behaviors such as tracking interaction history, resolving visual
ambiguity, and self-correction. We show that free-form language reasoning can function as an effective
test-time compute mechanism for steering low-level policies.
Limitations. First, our experiments are conducted in two simulated domains (Language Table and
bimanual grocery packing) with a fixed low-level language-conditioned policy. While this helps us
perform a systematic study, extending the approach to real robots remains important future work.
Second, Stage I still relies on expert-generated reasoning, and Stage II relies on a VLM judge to provide
semantic rewards. While this reduces the need for multi-turn robot rollouts, it also optimizes a surrogate
objective. Extending our approach to multi-turn online RL will further improve long-horizon behaviors.
Future work. We believe there are several directions for future work. First, ℛ3 could be deployed
on real robots and evaluated on more dexterous, longer-horizon manipulation tasks. This would test
whether natural-language reasoning remains useful under real-world challenges such as noisy perception,
physical recovery, and adaptation to unseen environments. Second, future work could reduce the
separation between the high-level reasoner and the low-level robot policy. While our hierarchical design
isolates the effect of reasoning, it may introduce a mismatch between high-level intent and low-level
execution. Jointly training reasoning and action prediction could improve coordination while preserving
the interpretability benefits of language-based reasoning. It would also be interesting to study whether
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reasoning can support not only high-level steering, but also the generation of low-level actions themselves.
The closest existing approaches condition action generation on intermediate metadata [28], but again
rely on highly structured templates, suggesting that substantial gains remain to be realized. In addition,
joint training introduces technical systems challenges around synchronizing high-level reasoning with
low-level action, which will be important to address. Third, the RL stage could be extended beyond
single-step offline training. Our current formulation avoids expensive online interaction by rewarding
semantic agreement with expert instructions, but it optimizes a surrogate objective rather than final task
success. Multi-turn RL with feedback from task completion, intermediate progress, recovery behavior,
or human preferences may further improve long-horizon reasoning. Finally, ℛ3 could be extended to
support online improvement. Rather than relying solely on batched offline training, the reasoning VLM
could be updated from environment feedback or human corrections. Free-form reasoning may also
provide a natural mechanism for exploration, allowing the robot to expand the support of its behavior
beyond what is represented in the offline data. While most robot RL methods today focus on sharpening
an existing low-level policy, reasoning could enable qualitatively broader exploration, supporting robust
adaptation to new embodiments, novel objects, and failure modes not encountered during training.
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Appendices

A. Experimental Details

A.1. Language Table Task Details

We design 14 long-horizon manipulation tasks in the Language Table environment, which require
arranging blocks into task-specific spatial configurations. Each scene contains 8 blocks: red moon, red
pentagon, blue moon, blue cube, green cube, green star, yellow star, and yellow pentagon. The
robot uses a cylindrical end-effector that pushes blocks on the board. The action space is 2D. Figure 10
shows examples of successful execution of tasks for all 14 tasks. We provide full videos of the learned
policy at our website https://robotic-reasoner.github.io/.
We next describe the success criteria for each task:

• Group blocks (group). This task uses 4 blocks. The goal is to move the specified blocks into one
compact cluster, so that each block is close to the group’s shared center within a certain threshold.

• Make a line (line). This task uses 4 blocks. The goal is to arrange the selected blocks into a straight
axis-aligned line, with their perpendicular spread kept within a certain threshold. Depending on the
sampled instruction, this line may be horizontal or vertical.

• Make a V-shape (V). This task uses 3 blocks. The goal is to arrange the selected blocks into a V shape,
where two blocks form a roughly horizontal upper edge and the remaining block sits below their
midpoint as the apex. The apex should be centered under the two upper blocks within a certain
tolerance, and any selected block can play any role.

• Make an L-shape (L). This task uses 3 blocks. The goal is to arrange the selected blocks into an L
shape with one corner block, one block extending upward, and one block extending to the right. The
two arms should be sufficiently separated from the corner and aligned with the intended vertical and
horizontal directions within a certain tolerance.

• Clear quarter (clear_qtr). The goal is to move every block out of the instructed quarter of the
board, so that no block center remains inside that region. The target quarter can be any one of the
four regions: top-left, top-right, bottom-left, or bottom-right.

• Isolate in place (iip). The goal is to keep the target block essentially where it started while
moving the surrounding blocks away from it. Success means the target block stays within a small drift
threshold of its initial position, and every other block is farther than an isolation threshold from it.

• Make a T-shape (T). This task uses 4 blocks. The goal is to arrange the selected blocks into a T shape,
with three blocks forming a horizontal top bar and the fourth block forming a vertical stem below the
middle of that bar. The stem should be centered under the bar within a certain tolerance, and any
selected block may serve as part of the bar or stem.

• Group & isolate (gris). This task uses 2 blocks. The goal is to make the selected blocks into a
compact group while keeping other blocks away from that group. Success requires the selected blocks
to be close to their shared center within a threshold, and any other block to be farther than an isolation
threshold from the selected group.

• Make an inverted V-shape (iV). This task uses 3 blocks. The goal is to arrange the selected blocks
into an inverted V shape, where two blocks form a roughly horizontal lower edge and the remaining
block sits above their midpoint as the apex. The apex should be centered above the two lower blocks

23

https://robotic-reasoner.github.io/


ℛ3: Training Robots to Reason in Natural Language via Reinforcement Learning

within a certain tolerance.
• Make a diagonal line (diag_line). This task uses 3 blocks. The goal is to arrange the selected
blocks into a straight diagonal line, with their perpendicular spread kept within a certain threshold.
The diagonal variant can run from top-left to bottom-right, or from bottom-left to top-right.

• Make a rectangle (rect). This task uses 4 blocks. The goal is to place the selected blocks at the four
corners of an axis-aligned rectangle. The rectangle should have a clear horizontal and vertical extent,
and each corner should be occupied by one selected block within a certain tolerance.

• Make a midpoint (mid). This task uses 3 blocks. The goal is to place the instructed midpoint block
at the middle of the segment defined by the two instructed endpoint blocks. The endpoint blocks
define the reference line, and the midpoint block should lie near the segment midpoint within a certain
threshold relative to the endpoint spacing.

• Make an inverted L-shape (iL). This task uses 3 blocks. The goal is to arrange the selected blocks
into an inverted L shape with one corner block, one block extending downward, and one block extending
to the left. The two arms should be sufficiently separated from the corner and aligned with the intended
vertical and horizontal directions within a certain tolerance.

• Clear half (clear_half). The goal is to move every block out of the instructed half of the board, so
that no block center remains inside that region. The target half can be the top / bottom half, or the
left / right half.

A.2. Grocery Packing Task Details

Environment. The grocery-packing task suite [2] is built in the MuJoCo simulator [55] using two 7-DoF
UFACTORY xArm-7 arms with modified gripper fingers [37] to pack YCB grocery objects [6] (cracker box,
sugar box, tomato soup can, gelatin box, foam brick, and tuna fish can) into small, medium, and large
trays. High-level instructions are pack, remove, or transfer commands over named items and tray sizes.
Held-out goals for evaluation. Table 6 gives the exact high-level goal for each held-out packing specifi-
cation. We provide full videos of the learned policy at our website https://robotic-reasoner.github.io/.

ID Stages Goal

Task 1 2 Move the gelatin box from the medium tray to the small tray, then pack the foam brick into the small tray.
Task 2 3 Pack the gelatin box and foam brick into the medium tray alongside the sugar box.
Task 3 3 Remove the cracker box from the medium tray, then pack the sugar box and foam brick there; the gelatin box stays

in the small tray.
Task 4 4 Move the gelatin box and foam brick from the medium tray to the small tray, then pack the sugar box into the

medium tray.
Task 5 5 Redistribute five objects from the large tray: cracker box stays in large; sugar box and soup can to medium; gelatin

box and foam brick to small.
Task 6 4 Move the soup can from small to medium, move the gelatin box and foam brick from medium to small, and pack

the sugar box into medium.
Task 7 2 Remove the soup can from the small tray so the gelatin box and foam brick fit.
Task 8 5 Reorganize: gelatin box and foam brick to small, sugar box and soup can to medium, cracker box to large.
Task 9 4 Pack gelatin box and foam brick into medium; sugar box and tuna fish can into large.
Task 10 4 Pack soup can into small (upright), sugar box into medium, cracker box and gelatin box into large.
Task 11 5 Pack foam brick and sugar box into medium; soup can, tuna fish can, and gelatin box into large.
Task 12 5 Pack gelatin box into small (upright), foam brick and sugar box into medium, soup can and cracker box into large.

Table 6: Goal descriptions and stage counts for 12 held-out packing specifications for evaluation.

24

https://robotic-reasoner.github.io/


ℛ3: Training Robots to Reason in Natural Language via Reinforcement Learning

Success criteria. A goal object counts as packed only if its center of mass lies in its assigned tray and
remains below a velocity threshold of 0.02m/s for 30 consecutive control steps. Objects in the wrong
tray do not count. Designated clutter must occupy no tray at the end of the episode. An orientation
constraint requires the object to remain within 15∘ of the specified upright orientation. The progress
metric is defined as 𝐾/𝑁 , where 𝐾 is the maximum number of stages, i.e., number of correctly packed
goal objects, completed during an episode and 𝑁 is the number of goal objects.
Reasoner training data construction. For each segment in human-collected demonstrations, we sample
synchronized base and dual-wrist images. We oversample the onset and pre-completion of the subtask
and exclude the ambiguous transition tail:
• starting stage [0, 1.5 s): 3 frames, including frame zero, with minimum spacing 0.25 s;
• interior stage [1.5 s, 𝑇 − 2.0 s): up to 4 frames, with minimum spacing 1.0 s from all selected frames;
• pre-end stage [𝑇 − 2.0 s, 𝑇 − 1.0 s): 1 frame, with minimum spacing 0.25 s;
• transition tail [𝑇 − 1.0 s, 𝑇 ): skipped.
Short episodes omit unavailable stages.

A.3. Comparison of Language Table and Grocery Packing

Table 7 summarizes the domain-specific components of the shared hierarchical reasoning framework.

Language Table Bimanual packing

Embodiment single cylindrical pusher dual 7-DoF xArm-7 + Robotiq 2F-85
Action 2D tabletop pushing 14-D end-effector (7 per arm)
Cameras top-down RGB base + left/right wrist RGB
Low-level policy pre-trained language-conditioned policy VLA fine-tuned from 𝜋0.5
Control frequency 10Hz 60Hz
Max episode length 400 steps (40s) 21,600 steps (300s)
Instruction frequency every 20 steps every 300 steps
Instruction horizon 400/20=20 21,600/300=72
RL reward VLM-as-a-judge string match

Table 7: Comparison of key environment and evaluation configs for Language Table and simulated bimanual grocery packing.

A.4. RL Reward Function

The scalar reward 𝑅 combines an instruction accuracy reward and a length penalty on the response
length: 𝑅 = 𝑅acc + 𝑅len.
Accuracy reward for Language Table. A VLM judge compares the parsed model’s instruction to the
ground truth instruction based on some rubrics, and gives a reward based on whether they match or not.
Note that we do not give a separate format reward, and a response will receive a zero accuracy reward if
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we fail to extract a valid instruction from it.

𝑅acc =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
1.0 if exact linguistic match;
0.5 if linguistic match with adverb mismatch;
0.25 if semantic match;
0.0 otherwise.

(A.1)

If two instructions match in type and all mentioned components, i.e., block names, directions, and
adverbs (e.g., “slightly” and “a bit”), they are considered a linguistic match. For example, “move the blue
cube right” and “push the blue cube to the right” form a linguistic match; “move the blue cube right” and
“push the blue cube slightly right” form a linguistic match with an adverb mismatch. If two instructions
do not form a linguistic match, but the judge thinks they will lead to the same outcome based on the
current scene, then they are considered a semantic match. For example, if the red cube is to the left
of the blue moon, then “push the blue moon into the red cube” and “move the blue cube left” form a
semantic match. Detailed rubrics for linguistic and semantic matches are in Appendix D.2. We validate
this judge against human labels and alternative VLM judges in Appendix B.3.
Accuracy reward for grocery packing. The parsed model’s instruction is given a reward of 1.0 if it
matches the ground truth instruction exactly, and 0.0 if not.

𝑅acc =
{︃

1.0 if exact string match;
0.0 otherwise. (A.2)

Length penalty. Separately, 𝑅len ≤ 0 is a log-scaled negative term that discourages responses shorter
than 𝑇 words (𝑛 = response word count; default 𝑇=80). No penalty is applied once 𝑛 ≥ 𝑇 .

𝑅len = clip
(︂

log2
clip(𝑛, 1, 𝑇 )

𝑇
, −1, 0

)︂
(A.3)

A.5. RL Reward Curve

Figure 7 shows the training reward with a 21-step centered moving average for ℛ3, ℛ3 (1/4th mid), and
ℛ3 (RL only), initialized from full mid-training, 1/4th of the mid-training data, and the base model,
respectively. The training reward tends to increase with the amount of mid-training performed before RL.

A.6. Training Hyperparameters and Checkpoint Selection

We use the LLaMA-Factory framework for SFT [69], and the verl framework for RL [49]. We use Qwen3.5-
4B as the base model. Table 8 and Table 9 show the hyperparameters for mid-training and RL, respectively.
For mid-training in our method, we run 2 epochs of SFT and use the last checkpoint. For the IL baselines,
to ensure that our comparison is against a strong baseline, we run 4 epochs of SFT for Language Table
and 8 epochs of SFT for grocery packing, and evaluate both the last checkpoint and the best checkpoint,
i.e., the checkpoint with the lowest validation loss. We find that the last checkpoint performs comparably
with the best on Language Table, and worse than the best on grocery packing. Therefore, we report the
performance of the best checkpoint. For RL, we evaluate the checkpoint with the highest mean reward
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on the validation set for each run. Figures 8 and 9 visualize checkpoint selection for Language Table,
with stars marking the lowest IL validation loss and highest ℛ3 validation mean reward, respectively.

Figure 7: ℛ3 training reward curves
for Language Table.

Figure 8: IL validation loss and se-
lected checkpoint for Language Table.

Figure 9: ℛ3 validation reward and
selected checkpoint for Language Table.

Hyperparameter Values
learning rate 1.0 × 10−6

num. train epochs 2 (mid-train) /
4 (IL for Language Table) /
8 (IL for grocery packing)

global batch size 128
lr scheduler type cosine
warmup ratio 0.1
finetuning type full
precision bf16
num. GPUs 8

Table 8: Hyperparameters for SFT.

Hyperparameter Values
learning rate 2.0 × 10−6

num. train epochs 4 (Language Table) /
8 (grocery packing)

train batch size 32
max response length 1024
rollouts per prompt 12
sampling temperature 1.0
clip ratio (low / high) 0.2 / 0.3
kl coefficient 0.0
entropy coefficient 0.0

Table 9: Hyperparameters for RL.
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Task: group blocks (group)
Goal: slide the red and blue blocks next to 
each other

Task: make a line (line)
Goal: build a vertical line out of the blue 
and red blocks

Task: make a V-shape (V)
Goal: create a V-shape out of the yellow 
star, the red moon, and the green star

Task: make an L-shape (L)
Goal: put the green star, the red pentagon, 
and the yellow pentagon in an L-shape

Task: clear quarter (clear_qtr)
Goal: remove every block from the bottom 
-right quarter of the board

Task: isolate in place (iip)
Goal: move the other blocks away from 
the blue moon while keeping it in place

Task: make a T-shape (T)
Goal: build a T-shape with all the blue and 
red blocks

Task: group & isolate (gris)
Goal: move the the blue moon and the 
yellow pentagon as a group, so that no 
other blocks are close to them

Task: make an inverted V-shape (iV)
Goal: build an inverted V-shape using the 
red moon, the green cube, and the red 
pentagon

Task: make a diagonal line (diag_line)
Goal: move the blue moon, the blue cube, 
and the green cube into a diagonal line 
from top-left to bottom-right

Task: make a rectangle (rect)
Goal: make an axis-aligned rectangle 
using all the blue and yellow blocks

Task: make a midpoint (mid)
Goal: place the blocks so that the red 
pentagon is at the middle point of the 
green cube and the blue cube

Task: make an inverted L-shape (iL)
Goal: make an inverted L-shape with the 
green cube, the green star, and the yellow 
star

Task: clear half (clear_half)
Goal: clear the bottom half of the board 
(everything below the horizontal midline)

Figure 10: Successful execution of tasks. For each task, we show the task name, a long-horizon goal, and the image of the
goal state. Task-related blocks are annotated with white dots.
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A.7. Our Embodied Chain-of-Thought (ECoT) Implementation

Our goal is to compare with the most faithful approximation of this ECoT approach. Note that our setting
and tasks are different from [64] in three important ways:

• The output in our setting is the short-horizon instruction, while the output in [64] is the low-level
action. Therefore, in our implementation, we remove the “move command" part and put the
end-effector states and object states before the textual reasoning.

• We highlight that our long-horizon manipulation tasks cannot be solved by fixed instruction
sequences or planned in an open-loop way, because (1) the goal instance and initial configurations
vary across scenes, (2) the low-level policy often fails to follow the instructions and therefore
requires closed-loop correction or replanning, and (3) collisions introduce additional stochasticity.
Consequently, supervising the model with explicit future plans would introduce substantial noise, so
we omit the “plan” component from our implementation. Note that the model can still do planning
in textual reasoning.

• For reasoning supervision, we record the data collector’s reasoning, while ECoT uses post-hoc
generated reasoning by querying Gemini for a retrospective rationale that explains the expert
instruction. In our implementation, we compare both types of reasoning, so that we disentangle
the effect of this component from other ECoT components.

Therefore, our implementation of ECoT contains task goal, end-effector state, object states, textual
reasoning, and instruction. For end-effector and object states, we use their 2D coordinates provided
by the Language Table simulation environment. For textual reasoning, we compare data collector’s vs.
post-hoc reasoning traces. Data collector’s reasoning traces mean the expert reasoning traces used in
mid-training of our approach. We follow ECoT to generate post-hoc reasoning traces by asking Gemini 3
Flash to provide a post hoc explanation for the selected instruction. The prompt template is provided in
Appendix D.3. Note that the Gemini model does not have access to its decision-time reasoning when
generating post-hoc reasoning.

ECoT Response Example

Goal: Move all blocks out of the top-left quarter of the board.
Arm: [0.46, 0.10]
Objects:
- red moon: [0.23, -0.16]
- red pentagon: [0.31, 0.07]
- blue moon: [0.30, 0.17]
- ...
Reasoning: In the current scene, the red moon and blue cube are positioned within the top-left quarter of the
board ...
Instruction: move the red moon to the center of the board.
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B. Additional Experimental Results

B.1. Visual Question Answering Evaluation.

Visual question answering task design. We first introduce the visual question answering (VQA) task
we design to evaluate the perceptual and action-oriented reasoning abilities of different models. We
construct 5 classes of VQA questions on Language Table:

• Absolute Position. This class asks where a queried block or robot arm is located on the board.
The answer is selected from a fixed set of board regions, such as center, top, bottom, left, right, and
the four corner regions. The model directly outputs the corresponding region phrase. For example,
an input question is “Where is the red cube located on the board?” and the ground-truth answer is
“The red cube is in the top left of the board.”

• Relative Position. This class asks for the direction of one object relative to another object or the
robot arm. The answer is selected from a fixed set of relative directions, including left, right, top,
bottom, and the four diagonal directions. The model directly outputs the relative direction phrase.
For example, an input question is “Where is the blue moon relative to the yellow star?” and the
ground-truth answer is “The blue moon is to the right of the yellow star.”

• Distance. This class asks which block is nearest to or farthest from a specified anchor object,
where the anchor may be another block or the robot arm. The answer is chosen from the visible
block names. The question is not multiple choice; the model outputs the selected block name. For
example, an input question is “Which block is nearest to the arm?” and the ground-truth answer is
“The green star.”

• Instruction Execution. This class asks whether a shown scene correctly satisfies a given instruc-
tion. The answer format is binary: correct execution or incorrect execution. This class requires the
model to understand the instruction, identify the relevant objects and goal condition, and verify the
final visual state. For example, an input prompt is “... Instruction: move the red cube to the center
of the board. Is the instruction correctly and fully executed? A. Correct execution. B. Incorrect
execution.” The response is formatted as “Think: ... Answer: A” and evaluation is performed only
on the final answer.

• Instruction Inference. This class asks which candidate instruction best explains an observed
before-and-after visual transition. The answer format is multiple choice over candidate instructions,
with the model selecting one option letter. This class tests inverse instruction understanding: the
model must infer the intended command from the visual change while distinguishing among similar
language choices. For example, an input prompt is “... Given that the execution is correct, which
instruction was executed? A. move the red cube left. B. move the blue moon to the green star. C.
separate the yellow pentagon from the blue cube. D... E...” The response is formatted as “Think: ...
Answer: B” and evaluation is performed only on the final answer.

Visual question answering evaluation results. Table 10 shows the performance of different models on
each VQA task class. The first three classes focus on perception from a static scene: localizing objects
on the board, reasoning about pairwise spatial relations, and comparing object distances. The last two
classes focus on instruction comprehension from manipulation outcomes: judging whether a visual state
satisfies an instruction, and inferring which instruction best explains an observed transition. Reasoning is
required for the Instruction Comprehension tasks, not for the Perception tasks. The analyses of these
results are provided in Section 4.2.
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Question Class Question Type Think? Qwen3.5-4B variants Reference

Base ℛ3 (mid only) ℛ3 (RL only) ℛ3 Gemini Random
Absolute Position Perception No 35.7 39.5 41.8 41.3 62.3 –
Relative Position Perception No 39.3 56.8 48.0 59.3 66.7 –
Distance Perception No 29.3 48.1 38.5 52.5 82.3 –
Instruction Execution Instruction Comp. Yes 67.8 65.0 61.2 64.3 77.3 50.0
Instruction Inference Instruction Comp. Yes 30.9 45.2 43.2 55.3 85.1 20.0

Table 10: Accuracy by VQA question class. Gemini is reported as an external reference and is not included in the ranking.
Bold values mark the best non-reference model.

B.2. Qualitative Analysis of Reasoning Traces

To better understand how each training stage changes the model’s reasoning behavior, we analyze
completions from the base model, the mid-trained model, and the mid-trained + RL model on the same
30 validation scenes. Each completion contains a free-form reasoning trace followed by a high-level
instruction. We extract both countable signals, summarized in Table 11, and qualitative behavior patterns,
summarized in Table 12.

Signal Base ℛ3 (mid only) ℛ3

Avg. length (chars) 1079 563 696
Max length (chars) 4256 1288 1798
Clean Reasoning:-first format 19/30 30/30 30/30
Backtracking / re-examination 5 0 1
First-person planning 11 15 23
Hallucinated objects 3 0 0
Reference to prior step or plan 5 2 1

Table 11: Countable reasoning-trace signals across checkpoints. We analyze aligned reasoning traces from the base,
mid-trained, and mid-trained + RL models on the same 30 validation scenes. Mid-training stabilizes the output format and
removes hallucinated objects, while RL increases explicit planning without reintroducing the base model’s formatting failures.

Overall, the trajectory is from chaotic-but-creative reasoning in the base model, to terse-and-reliable
reasoning after mid-training, to reliable-and-deliberate reasoning after RL. The clearest changes are that
mid-training removes most interface-level failures, including malformed formatting and hallucinated
objects, while RL increases explicit state-aware planning without reintroducing the base model’s instability.

31



ℛ3: Training Robots to Reason in Natural Language via Reinforcement Learning

Dimension Base ℛ3 (mid only) ℛ3

Output format Inconsistent: sometimes places
the instruction before reason-
ing, omits the Reasoning: pre-
fix, includes stray quotes, or
fails to emit an instruction.

Clean and rigid template
across all inspected traces.

Clean and rigid template
across all inspected traces.

Length / ver-
bosity

Highly variable, with occa-
sional long rambling traces.

Shortest and most economi-
cal.

Moderate length: fuller than
mid-training, but still con-
trolled.

Reasoning style Exploratory and deliberative,
often thinking throughmany al-
ternatives.

Direct and decisive, usually
reaching a single-pass con-
clusion.

Structured: restates the goal,
assesses the current state,
then chooses the next step.

Self-correction /
backtracking

Frequent second-guessing and
occasional non-convergent
loops.

No observed backtracking in
the inspected traces.

Rare backtracking; when
present, the model recovers
and commits to an instruc-
tion.

Goal grounding Often loses the goal or makes
meta-comments about rules
and format.

Briefly restates the task. More explicitly re-derives
task constraints before act-
ing.

Spatial tracking Weak; sometimes misreads the
scene or confuses object posi-
tions.

Decent; often references the
arm position or previous
plan.

Strongest; tracks what has al-
ready been placed and what
remains to be done.

Hallucination Sometimes invents objects or
claims required objects are
missing.

None observed. None observed.

Instruction valid-
ity

Several malformed or out-of-
spec outputs, including un-
supported relations, arm-only
moves, or missing instructions.

Always valid and in-spec in
the inspected traces.

Always valid and in-spec in
the inspected traces.

Failure mode Incoherence or non-
termination on harder scenes.

Occasionally shallow, choos-
ing a plausible move without
much verification.

Occasionally over-reasons be-
fore committing.

Table 12: Qualitative reasoning-behavior comparison. The base model is exploratory but unstable, mid-training makes the
reasoning interface reliable, and RL on top of mid-training produces more deliberate, state-aware reasoning while preserving
format and instruction validity.
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B.3. Judge Validation and Sensitivity

Agree Cohen’s 𝜅 Pearson
Human-maj vs. Human† 94.7/100 0.911 0.975
Human-maj vs. Qwen3.5-35B-A3B 90/100 0.837 0.984
Human-maj vs. Gemini 3.6 Flash 91/100 0.842 0.974
Human-maj vs. GPT-5.6 Sol 93/100 0.880 0.985

Table 13: Agreement of majority-vote human labels (Human-maj) vs. each judge on 100 prompt-response pairs. †Averaged
over 3 human annotators.

Figure 11: Confusion matrix of majority-vote human labels (Human-maj) vs. Qwen3.5-35B-A3B.

We sample 100 prompts from the RL validation set, generate responses with the base model, and score
them via 3 human annotators and 3 VLMs, treating the human majority vote as ground truth. Table 13
shows that all VLMs have comparable human agreement, close to the inter-human reference, indicating
that mismatches largely reflect scene ambiguity rather than judge choice. Figure 11 shows that all
mismatches for our Qwen3.5 judge lie between the 0 and 0.25 semantic-match tiers, and these cases are
ambiguous even to human annotators. The only clear failure of Qwen3.5 is occasional confusion between
“red pentagon” and “red moon.” Thus, our reward signal is reliable and insensitive to judge choice.
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C. Examples

C.1. Additional Expert Trajectories

move the blue cube to 
the middle right of 

the board

move the yellow star to 
the bottom center of 

the board

move the yellow star 
slightly to the left

move the yellow star 
slightly to the right

x 3 x 2

Goal: move the blue cube, the yellow star, and the red pentagon in a V-shape

t = 0 t = 1 t = 4 t = 5 t = 6 t = 8

move the red pentagon 
upwards

x 2

Done

Figure 12: Example of expert-collected trajectory on the V task. The notation ×𝑛 indicates that the expert repeats this
instruction 𝑛 times.

move the blue cube to 
the center of the board

move the red pentagon 
to the right side of 

the board

move the blue cube to 
the top side of the board

move the blue moon to 
the bottom left corner

x 2

Goal: clear the area around the yellow star while keeping it still

t = 0 t = 2 t = 4 t = 5 t = 6 t = 7

move the blue cube to 
the top right corner Done

x 2

Figure 13: Example expert-collected trajectory on the iip task. The notation ×𝑛 indicates that the expert repeats the
instruction 𝑛 times. At step 6, the instruction is to move the blue cube, but the robot unintentionally pushes the blue moon,
resulting in task success. This example shows that expert demonstrations may also contain suboptimal behaviors.

move the red moon to 
the right side of the 

red pentagon

move the blue moon to 
the left side of the 

red pentagon

move the yellow star to 
the right side of the 

yellow pentagon

move the blue moon to 
the left side of the 

blue cubex 2

Goal: move all the blue and red blocks in a T-shape

t = 8 t = 9 t = 11 t = 13 t = 16

move the red moon to 
the left side of the 

blue moon
Done

x 2 x 2

t = 0

… …

Figure 14: Example expert-collected trajectory on the T task. The notation ×𝑛 indicates that the expert repeats the
instruction 𝑛 times. At step 8, the instruction is to move the red moon, but the robot mistakenly moves the blue moon; therefore,
at step 9, the expert first corrects this behavior. At step 11, instead of moving a target block, the expert chooses to clear the
yellow star, which is an oracle block for making the T-shape.
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C.2. Additional Reasoning Examples on Language Table

Reasoning: The goal is to arrange the red moon, red 
pentagon, green cube, and green star into a vertical line. 
Looking at the current scene, the red moon is positioned 
at the top center, and the green cube is in the center. 
This starts forming a vertical column. The red pentagon 
is located to the right of the red moon, and the green 
star is further to the right and below the green cube. To 
continue building the vertical line, I need to bring the 
remaining target blocks into the same central column. I 
will now move the red pentagon to the position directly 
below the green cube. 
Instruction: move the red pentagon to the bottom side 
of the green cube.

Goal: 
move the green and red blocks into a 

vertical line

Figure 15: Example of reasoning strategy learned via ℛ3. The ℛ3 model first describes the scene, assesses the current
progress toward the goal, plans into the future, and finally outputs an executable instruction.

Reasoning: ... The yellow pentagon is on the far left, the 
yellow star is in the middle of that group, and the red 
pentagon (likely under the arm) needs to be to the right. 
However, looking closely, the red pentagon is actually not 
in the scene... Wait, the task says "red and yellow blocks". 
I see a yellow pentagon, a yellow star, and a red moon. 
The red pentagon is mentioned in the previous response 
but I don't see it. Let me re-examine the blocks. Ah, the 
block under the arm is likely the red pentagon as per 
previous context... Let's assume it's near the arm... The 
red pentagon is likely the block being manipulated by the 
arm, which seems to be positioned over a red object... 
Instruction: move the red pentagon to the right side of the 
yellow star.

Goal: 
move the red and yellow blocks 

into a T-shape

Figure 16: Example of reasoning strategy learned via ℛ3. The red pentagon is occluded by the robot arm. The ℛ3 model
re-examines the scene, task information, and history to correctly infer the object state.

Reasoning: ... To form the V-shape, I can place the blue 
moon and the red moon as the top horizontal points and 
the yellow star as the bottom vertex. However, looking at 
the current positions, the blue moon is at the bottom 
center... Alternatively, I can keep the blue moon at the 
bottom center as the vertex and move the red moon and 
yellow star to form a horizontal line above it... I will move 
the red moon to the top right to form the horizontal line 
with the yellow star, but wait, the yellow star is lower than 
the red moon's current position. Let's reconsider. A V-
shape with the blue moon at the bottom center... I should 
move the red moon to the top right to form a horizontal line 
with a future placement of the yellow star, or move the 
yellow star to the top right… Instruction: move the red 
moon to the top right of the board.

Goal: 
arrange the blue moon, the yellow star, 

and the red moon into a V-shape

Figure 17: Example of reasoning strategy learned via ℛ3. Theℛ3 model considers several alternate plans before committing
to one particular choice.
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Reasoning: The goal is to move green and red blocks 
into a vertical line. Currently, there is a green cube on 
the left and a green star with a red cube near it on the 
right. To start forming a vertical line, moving the red 
cube towards the green star seems like a logical first 
step. I will move the red cube to the left side of the green 
star to bring them closer together. 
Instruction: move the red cube to the left side of the 
green starGoal: 

move the green and red blocks into a 
vertical line

Figure 18: Example of reasoning strategy of the Qwen3.5-4B base model. The base model’s reasoning shows incomplete
scene understanding, weak estimation of task progress, and under-justified planning, leading to a goal-misaligned instruction.

Reasoning:... There is no horizontal blue block currently at the 
base of the blue cube. However, there is a red pentagon that is 
currently adjacent to the red moon. Wait, looking closely at the 
specific instruction "red pentagon to the top side of the blue 
cube", looking at the image, the blue cube is part of a vertical 
stack. But the instruction is actually to place a block on top. Let's 
re-evaluate based on the strict instruction format... The specific 
previous instruction was "move the red pentagon to the top side 
of the blue cube". This implies the red pentagon is currently 
elsewhere and needs to go there. In the image, the red pentagon 
is lying flat near the red moon. The blue cube is in a vertical 
stack. To execute the goal of building a T-shape, placing the red 
pentagon on top of the blue cube would stack them vertically, but 
maybe that's not the top of the T. Let's look at the blocks again. 
There are two blue blocks (one cube, one moon) and two red 
blocks (one pentagon, one moon)…
Instruction: move the red pentagon to the top of the blue cube

Goal: 
build a T-shape with all the blue 

and red blocks

Figure 19: Example of reasoning strategy of the Qwen3.5-4B base model. Although the base model sometimes displays
backtracking behavior, such behavior is unreliable. The model may signal re-evaluation with phrases such as “Wait” or “Let’s
re-evaluate,” but the revision is often superficial or driven by hallucinated assumptions rather than grounded error correction.
Consequently, the reasoning becomes inconsistent, poorly structured, and disconnected from the task goal.

separate the yellow pentagon 
from the yellow star

move the blue cube to 
the right side of the 

yellow pentagon

move the yellow 
pentagon to the right 

side of the board
Done

t = 0

move the yellow pentagon 
to the top left corner

move the blue cube to the 
top right corner

move the green cube 
to the bottom center

of the board x 3x 5

Done

x 2

…

t = 11 t = 13 t = 0 t = 2 

t = 0 t = 1 t = 6 

G
em

in
i

O
ur
s

…

t = 9 

Goal: move the green cube, the yellow pentagon, and the blue cube in a V-shape

Figure 20: Comparison of Gemini’s and the ℛ3 model’s behavior on the V task. While Gemini employs more diverse
instructions, the ℛ3 model primarily relies on absolute movement instructions.
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C.3. Additional Reasoning Examples on Grocery Packing

We show qualitative traces fromℛ3 (RL only) on held-out packing goals. As on Language Table, the model
typically describes the current views, tracks progress toward the long-horizon goal, and then issues a
short-horizon instruction; it can also re-examine the scene and revise an initially incorrect interpretation.

Reasoning: …The left tray is smaller and empty except for a small reddish mark, 
while the right tray is larger (medium) and contains a red gelatin box. There are 
also other objects scattered: a blue foam brick, a white cylindrical object, and 
robotic arms on both sides. The second and third images show the close-up 
views from the left and right wrists respectively, confirming that the grippers are 
positioned near the edge of the table but not yet interacting with specific items in 
a way that suggests an ongoing task like holding an object. The long-horizon 
goal states to move the gelatin box from the medium tray to the small tray, then 
pack the foam brick into the small tray. Currently, the gelatin box is in the medium 
(right) tray, and the small (left) tray is empty. The immediate next step in the 
sequence to achieve the long-term goal is to transfer the gelatin box from the 
medium tray to the small tray. The robot's current position, as seen in the wrist 
views, is hovering over the table surface near where the trays are located, which 
is appropriate for initiating this transfer action. Therefore, the short-horizon 
instruction should command the robot to perform this specific transfer.
Instruction: Transfer the gelatin box from the medium tray to the small tray

Goal: Move the gelatin box from the medium tray to the small 
tray, then pack the foam brick into the small tray

Figure 21: Example of reasoning strategy learned via ℛ3. The model describes the three camera views, notes that the
gelatin box is still in the medium tray, and issues a transfer instruction as the next step.

Reasoning: Based on the visual evidence and task goal, the current state shows 
a small tray containing a red gelatin box and a blue foam brick. The medium tray 
is empty or mostly empty, with some items visible in other locations like the floor. 
The long-horizon goal specifies moving the gelatin box and foam brick from the 
medium tray to the small tray. However, looking closely at the first image and the 
close-ups, the blue foam brick is already inside the small tray alongside the 
gelatin box. The medium tray appears to be nearly empty, suggesting the transfer 
of these two items may have already occurred or is in progress. The next logical 
step according to the remaining parts of the goal ("then pack the sugar box into 
the medium tray") is to take the sugar box (which is clearly visible on the table as 
a yellow box labeled "Domino Sugar") and place it into the medium tray. The 
current view from the right wrist confirms the presence of the sugar box on the 
table adjacent to the medium tray, making it the accessible and next-target item 
for the short-horizon instruction.
Instruction: Pack the sugar box into the medium trayGoal: Move the gelatin box and foam brick from the medium tray 

to the small tray, then pack the sugar box into the medium tray

Figure 22: Example of reasoning strategy learned via ℛ3. The model infers that the gelatin box and foam brick are already
in the small tray, so the remaining stage is to pack the sugar box into the medium tray.

Reasoning: … the first image shows … The second image, from the left wrist 
perspective, clearly shows ... The third image ... The long-horizon goal specifies 
packing foam brick and sugar box into the medium tray. However, looking closely 
at the first image, the foam brick is already inside the medium tray, and the sugar 
box is still on the table being held by the left arm. The large tray contains the 
foam brick, tape, and other items. Wait, re-examining Image 1: The medium tray 
has a blue square (foam brick). The large tray has tape, a carrot-shaped object, 
and part of the sugar box is visible but mostly outside. Actually, looking at Image 
1 again, the sugar box is on the table between the trays, held or near the left 
gripper. The large tray has the tape and some colorful blocks. The medium tray 
has the blue foam brick. The goal says "Pack foam brick and sugar box into 
medium tray". Since the foam brick is already in the medium tray, the next logical 
step for the short-horizon instruction would be to pick up the sugar box, which is 
currently on the table, and place it into the medium tray. The left arm is 
interacting with the sugar box area. Therefore, the immediate action ...
Instruction: Pack the sugar box into the medium tray.

Goal: Pack foam brick and sugar box into medium tray, soup 
can and tuna fish can and gelatin box into large tray

Figure 23: Example of reasoning strategy learned via ℛ3. Our model first mislocates the foam brick, then re-examines the
base view, revises the scene description, and issues the correct next instruction.
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D. Prompts

D.1. Prompt for the high-level VLM (Language Table)

The following prompt template is used for Language Table data collection, training, and evaluation.

Prompt for the high-level VLM (Language Table)

A robot is performing a long-horizon block arrangement task in a simulator. The robot arm is a gray cylinder
that can slide over the board to push colored blocks.
The robot only understands short-horizon instructions.
Your job is to examine the current scene, reason faithfully about what is visible, and then output one short-horizon
instruction for the robot.
You are given:
1. The current image of the scene
2. The long-horizon task goal
3. Your response at the previous step
## Task Goal
{goal}
Note: {task_specific_prompt}
## Your Previous Response
{previous_response}
## Instruction Guidelines
The robot ONLY understands the following instruction types:
• move <block_1> <absolute location>
e.g. move the red pentagon to the center of the board / to the top left corner

• move <block_1> <relative direction> of <block_2>
e.g. move the yellow star into the top side of the blue moon / move the green star to the left side of the
yellow pentagon

• push <block_1> into <block_2>
e.g. push the green star into the yellow pentagon

• move <block_1> <relative direction>
e.g. (slightly) move the red moon upwards / move the blue cube right and down (a bit)

• separate <block_1> from <block_2>
e.g. separate red moon from blue cube

• touch <block_1>
e.g. touch the green cube

• move your arm <absolute location>
e.g. move your arm near the bottom center

Notes:
• These examples only illustrate valid formats.
• You may optionally use adverbs like “slightly” or “a bit” to control the action magnitude.
• Refer to blocks as “color + shape”. Never say “the red block” or “the cube” which is ambiguous.
## Reasoning Guidelines
### Core Rules
• Use only information visible in the image or explicitly stated.
• Do not hallucinate or invent object locations, contacts, completed subgoals, or future outcomes. If the scene
is ambiguous or partially occluded, say so and choose the most reasonable action.

• Always trust the current observations over the previous response. Your previous response is about the previous
step, which might contain hallucination, outdated information, or suboptimal planning. Do NOT blindly
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follow it.
### Style
• Provide a concise, explicit stream of consciousness.
• Follow strict causality. Avoid presenting the decision before explaining. Instead, your reasoning should
naturally yield the instruction.

• Avoid unsupported decisions like simply saying “I want to” or “the best instruction is” without reasoning
before it.

## Answer Format
“Reasoning: ... Instruction: ...”

D.2. VLM-as-a-judge Prompt

The following prompt template is used for providing rewards in RL for Language Table. A VLM judge
(Qwen3.5-35B-A3B) compares the model’s instruction against the ground truth instruction from the
expert dataset. The rubrics are elaborated in the prompt. Packing RL does not use this judge; it uses
exact instruction-string matching (Appendix A.4).

VLM-as-a-judge Prompt

A robot performing a block arrangement task on a table. Your task is to compare two textual instructions to the
robot and return a score for the candidate.
## Instruction Types
The robot only understands the following types of instructions:
1. To absolute location: move <block_1> <absolute location>. e.g. place the red pentagon at the center of
the board / move the green cube to the top left corner

2. To other block’s relative direction: move <block_1> <relative direction> of <block_2>. e.g. slide the
yellow star into the top side of the blue moon / place the green star to the left side of the yellow pentagon

3. Into other block: push <block_1> into <block_2>. e.g. push the green star into the yellow pentagon
4. To its own relative direction: move <block_1> <relative direction>. e.g. (slightly) push the red moon
upwards / move the blue cube right and down (a bit)

5. Separation: separate <block_1> from <block_2>. e.g. separate red moon from the blue cube
6. Touch: touch <block_1>. e.g. touch the green cube
7. Arm movement: move your arm <absolute location>. e.g. move your arm near the bottom center
## Instructions to Compare
• Candidate instruction: {model_instruction}
• Reference instruction: {ground_truth_instruction}
## Evaluation Guidelines
### Step 1: Identify the linguistic match.
• Identify the instruction types and components of the candidate and the reference. If their types match and

all components match, they form a linguistic match.
• Variations allowed:

1. Paraphrasing within ONLY these 4 verbs: "move" = "place" = "slide" = "push".
2. Paraphrasing of locations or directions with exactly the same meaning, e.g., "top left corner" = "left top
of the board", "up" = "upwards", "left" = "to the left" = "to the left side"

3. Other expression paraphrasing with exact same meanings, e.g., with or without "the", prepositions with
same meaning like "into" = "to"

• Variations considered as adverb mismatch: mismatched or missing adverbs like "slightly", "a bit"
• Score:
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– If they form a linguistic match, skip step 2. Return 1.0 if there is no adverb mismatch, otherwise return
0.5.

– If they do not form a linguistic match, go to step 2.
### Step 2: Identify the semantic match.
• Based on the image of the current scene, imagine the outcome of both instructions.
• Two outcomes are considered semantically the same if both conditions are met:

1. they move the same block
2. the final absolute positions of blocks are the same, though expressed differently.

• Note: two reverse instructions, e.g., "move block_2 into block_1" and "move block_1 into block_2", are NOT
semantically the same because they move different blocks.

• Score: If their outcomes are semantically the same, return 0.25. Otherwise, return 0.0.
## Output Format
Output a JSON object with the "evaluation" and "score" field.
The evaluation should be a verbose analysis following the guidelines above step by step.
The score should be 1.0 (linguistic match), 0.5 (linguistic match with adverb mismatch), 0.25 (semantic match),
or 0.0 (no match).

D.3. Retrospective Reasoning Generation Prompt

We query Gemini with the following prompt to generate retrospective reasoning. This is only used in
ECoT experiments.
Retrospective Reasoning Generation Prompt

A robot is performing a long-horizon block arrangement task in a simulator. The robot arm is a gray cylinder
that can slide over the board to push colored blocks. The robot only understands short-horizon instructions.
I have a dataset of expert demonstrations where the robot follows an expert’s short-horizon instructions step by
step toward a long-horizon goal. For each step, the expert has already chosen the appropriate instruction. Your
job is to write reasoning that explains why that expert demonstration makes sense given the current scene and
goal.
## Instruction Types
The robot ONLY understands the following instruction types:
• move <block_1> <absolute location>.
e.g. move the red pentagon to the center of the board / to the top left corner

• move <block_1> <relative direction> of <block_2>.
e.g. move the yellow star into the top side of the blue moon / move the green star to the left side of the
yellow pentagon

• push <block_1> into <block_2>.
e.g. push the green star into the yellow pentagon

• move <block_1> <relative direction>.
e.g. (slightly) move the red moon upwards / move the blue cube right and down (a bit)

• separate <block_1> from <block_2>.
e.g. separate red moon from blue cube

• touch <block_1>.
e.g. touch the green cube

• move your arm <absolute location>.
e.g. move your arm near the bottom center

## Guidelines
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• The expert’s chosen instruction is provided for your reference only. Do not quote or mention it. Write as if
you are the expert deciding the next step: reason through the scene and goal step by step, so the appropriate
instruction emerges as the conclusion rather than the premise.

• The expert’s chosen instruction is what the robot should do next, not what it is currently doing.
• I provide your previous response to help you better understand the robot’s state. Note that the robot may not
have successfully executed the previous instruction, so always trust the image over the previous response
about the progress.

• In your reasoning, be specific about positions, movements, and spatial relations of objects and the arm.
• Do not start with ’The goal is...’ or similar. The goal is known.
## Examples
1. "The blue moon and blue cube are already vertically aligned in the center of the board. The green cube and
green star are currently located to the right of the blue blocks. The robot arm’s pusher is positioned between
the green star and the green cube, ready to interact with the latter. To continue building the vertical line,
the green cube should be moved so that it is positioned directly below the blue cube."

2. "Currently, the red pentagon is on the left side of the board. The blue cube is near the center, horizontally
between the red pentagon and the red moon. To form the V, the blue cube needs to be moved to the right of
the red moon. Additionally, the blue cube is currently lower (closer to the camera) than the red pentagon, so
it must move upwards (further from the camera) to align horizontally with the red pentagon."

## Your Job
Provide a reasoning for the following:
• Task Goal: {goal}
• Note: {task_specific_prompt}
• The included image shows the robot’s current observation.
• Your Previous Response: {previous_response}
• The expert’s chosen instruction: {instruction}

D.4. Prompt for the high-level VLM (grocery packing)

The following prompt template is used for packing training and evaluation of reasoningmodels. Instruction-
only (no-think) variants omit the reasoning guidelines and ask the model to output only Instruction:
.... Interaction history is the previous instruction rather than the previous full response. Packing RL
rewards the parsed instruction by exact string match against the ground-truth instruction (Appendix A.4);
there is no packing VLM-as-a-judge prompt.

Prompt for the high-level VLM (grocery packing)

A bimanual robot is performing a long-horizon packing task. The robot only understands short-horizon
instructions.
Your job is to examine the current images, reason faithfully about what is visible, and then output one short-
horizon instruction for the robot.
You are given:
• Three current camera views:

– The first image is the base camera view
– The second image is the left wrist camera view
– The third image is the right wrist camera view

• The long-horizon task goal
• The previous instruction
## Task Goal
{goal}
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## Previous Instruction
{previous_instruction}
## Instruction Guidelines
Choose from one of the following instruction types:
• Pack the <item> into the <size> tray. Example: Pack the can opener into the medium tray.
• Remove the <item> from the <size> tray. Example: Remove the tuna fish can from the medium tray.
• Transfer the <item> from the <size> tray to the <size> tray. Example: Transfer the coffee mug from the
medium tray to the large tray.

Choose <item> from: can opener, candy box, coffee mug, cracker box, foam brick, gelatin box, nesquik canister,
soup can, sugar box, tuna fish can
Choose <size> from: large, medium, small
## Reasoning Guidelines
### Core Rules
• Use only information visible in the images or explicitly stated.
• Do not hallucinate or invent object locations, contacts, completed subgoals, or future outcomes. If the scene
is ambiguous or partially occluded, say so and choose the most reasonable action.

### Style
• Provide a concise, explicit stream of consciousness.
• Follow strict causality. Avoid presenting the decision before explaining. Instead, your reasoning should
naturally yield the instruction.

• Avoid unsupported decisions like simply saying “I want to” or “the best instruction is” without reasoning
before it.

## Answer format
“Reasoning: ... Instruction: ...”
Do NOT output anything else after the instruction.
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