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The prevailing approach to improving robot foundation models (RFMs) relies on larger models, more
robot demonstrations, and costly training at scale. We show that there exists an effective and efficient
complementary approach: the right reasoning recipe can substantially improve the zero-shot task
performance of existing state-of-the-art RFMs. We refer to this recipe as © Arc. It consists of three
key ingredients: a reasoning trace, a scalable automatic labeling pipeline, and a strategy for adapting
pretrained RFMs to use these traces for control. First, we find that effective reasoning traces should
be grounded in the robot’s next action and explain its causal structure: why the action is appropriate
and what effect it should produce. Second, we show that these traces can be generated automatically
from existing demonstrations, enabling us to construct ARC-Trace-DROID from DROID without
collecting new robot data. Third, we show how state-of-the-art VLLAs such as g5 and WAMs such
as Cosmos3-Nano-Policy can learn to use these traces for control, with fine-tuning and inference
tailored to each model’s architecture and capabilities. Using ARC, we obtain gains in zero-shot REFM
performance that, to our knowledge, are unprecedented without additional robot demonstrations or
foundation-scale training. The adapted models establish a new state of the art on RoboLab-120 and
MolmoSpaces, with gains of up to 50 percentage points on RoboLab-Reasoning-50. On real robots,
ARC improves 7 5’s task success by 82.2 percentage points.

Project website: https://arc-robot-reasoning.github.io/
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Figure 1 Overview of @ ARc: ARc-Trace automatically relabels DROID with action-grounded causal traces to produce
ARrc-Trace-DROID. We show how to fine-tune VLAs and WAMSs with this supervision, achieving benchmark-leading
performance without additional robot demonstrations.
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1 Introduction

Robot foundation models (RFMs), trained by imitation on large demonstration datasets, have become broadly
capable at manipulation (Kim et al., 2024; NVIDIA, 2026; Black et al., 2025b;a). Yet the dominant recipe
for making them better remains brute-force scaling, with more robot data, larger models, and another round
of foundation-scale training. This makes every gain in task success expensive to obtain. How can we improve
the performance of existing RFMs without modifying their architectures, adding new robot data, or training
at the scale of foundation models?

In this work, we study this problem. Specifically, we find that adding or refining the reasoning capabilities
of RFMs is an effective and efficient strategy for improving them. With the right recipe, reasoning can
substantially improve the performance of existing state-of-the-art models such as w5 (Black et al., 2025a)
and Cosmos3-Nano-Policy (NVIDIA, 2026) (Fig. 1). To our knowledge, this is the first work to achieve such
substantial gains in zero-shot RFM performance through any strategy that does not require additional robot
demonstrations or foundation-scale training. We call this reasoning recipe @ ARcC.

In ARC, we bring together three pieces: the right reasoning content, a scalable source of supervision, and a
training procedure that adapts the model to use that reasoning for control. First, what should the reasoning
contain? We find that reasoning for control should be causal, explaining why an action is appropriate in the
current situation and what effect it should produce, as well as grounded in action, specifying the concrete step
the robot should take to bring about that effect. We introduce action-grounded causal traces that connect
what is true now to what the robot should do next and what should become true as a result. Second, how do
we obtain this supervision at scale? Robot demonstrations record observations and actions but typically omit
the reasoning behind individual decisions. We present an approach for automatically labeling demonstrations
with causal traces aligned to action chunks. We use it to construct ArRc-Trace-DROID by relabeling DROID
(Khazatsky et al., 2024). And third, how do we adapt models to use this reasoning for control? We show that
an RFM can be fine-tuned to condition its behavior on reasoning traces while retaining its existing control
capabilities. We use the same reasoning traces and training data across models and show how to tailor the
fine-tuning and inference procedures to each model’s architecture and capabilities.

We evaluate this recipe on two representative state-of-the-art RFMs: Cosmos3-Nano-Policy (NVIDIA, 2026),
a world action model (WAM), and 7o 5 (Black et al., 2025a), a vision-language-action model (VLA). We find
that ARC improves both RFMs across all three settings on RoboLab-120, with the adapted models ranking
first and second in each setting. On MolmoSpaces, task success improves by 27.2 and 18.6 percentage
points (p.p.) for 75 and Cosmos3-Nano-Policy. These results establish a new state of the art on RoboLab-
120 (Yang et al., 2026) and MolmoSpaces (Kim et al., 2026). On the reasoning-focused RoboLab-Reasoning-
50, ARC improves task success by 46.8 p.p. for mg 5 and 50.0 p.p. for Cosmos3-Nano-Policy. Further, these
improvements carry over to real world execution, where the ARC gains 82.2 p.p. on reasoning and long-
horizon tasks. Across these evaluations, ARC-trained models more reliably follow underspecified instructions,
infer missing steps, complete long-horizon tasks, adapt to changes, and recover from mistakes.

We further quantify how different components of the recipe contribute to performance. Our results show that
adding intermediate language without the right structure provides limited improvement; larger gains arise
from combining causal reasoning content with a training procedure that grounds it in action. As a side effect,
the recipe also improves training and inference efficiency. Cosmos3-Nano-Policy reaches baseline success with
4.3x fewer training updates, while 7y 5 and Cosmos3-Nano-Policy match their base policies at inference with
10x and 2x fewer denoising steps.
Contributions: We introduce © ARC, a recipe for instilling reasoning into pretrained RFMs. We make
four contributions. (i) We identify action-grounded causal traces as an intermediate representation for
robot reasoning. (ii) We introduce ARC-Trace, a labeling pipeline that generates action-grounded causal
traces aligned to action chunks and use it to create ARC-Trace-DROID by relabeling DROID. (iii) We
develop a strategy for adapting pretrained RFMs to use reasoning for control and show how to tailor the
fine-tuning and inference procedures to each model’s architecture. (iv) We validate ARC on Cosmos3-Nano-
Policy and 7y 5 in simulation and on real-robot benchmarks, demonstrating substantial gains in zero-shot
task performance that, to our knowledge, are unprecedented without additional robot demonstrations or
foundation-scale training.



2 Related Work

Robot foundation models. General-purpose robot policies have been developed by learning across tasks and
embodiments (Reed et al., 2022; Jang et al., 2022; Jiang et al., 2023; Brohan et al., 2023; Bousmalis et al., 2023;
O’Neill et al., 2024) and transferring pretrained visual and linguistic knowledge to action prediction (Driess
et al., 2023; Zitkovich et al., 2023; Kim et al., 2024; Black et al., 2025b;a). Video-pretrained and world-action
models additionally learn how the environment evolves during execution (Wu et al., 2023; Cheang et al.,
2024; Cen et al., 2025; NVIDIA, 2026; Ye et al., 2026). Our work builds on these pretrained controllers and
investigates how reasoning supervision can improve their performance using robot demonstrations already
available.

Reasoning in foundation models. Reasoning allows pretrained models to work through intermediate decisions
before producing a final answer (Wei et al., 2023; Zhang et al., 2024). Prior work improves this process by
considering alternative solutions (Wang et al., 2023; Yao et al., 2023a), incorporating tools and feedback (Yao
et al., 2023b), and learning from intermediate supervision (Zelikman et al., 2024; DeepSeek-AT et al., 2025).
In robotics, these ideas have been used in two particularly relevant ways: to determine the steps a robot
should execute, and to train a policy to reason about the actions it predicts. The first includes selecting
available skills to accomplish an instruction (Ahn et al., 2022; Huang et al., 2023b), generating programs that
combine perception and control (Liang et al., 2023; Singh et al., 2022), and revising plans using observations
and execution feedback (Huang et al., 2022; Zeng et al., 2022a). The second uses reasoning annotations
to teach a policy which information matters for action prediction (Zawalski et al., 2024; Sun et al., 2026).
Both approaches allow robots to benefit from knowledge beyond their demonstrated motions, but require
the controller to understand the guidance it receives. Recent work addresses this requirement through richer
steering commands and visually grounded hierarchical control (Chen et al., 2026).

Reasoning modalities. There are several ways to express the intermediate decisions needed for robotic control.
Spatial representations specify where an interaction should occur through image features, action maps, or
voxel representations (Zeng et al., 2022b; Shridhar et al., 2021; 2023), while keypoints and geometric con-
straints describe relationships that the robot should establish between objects (Liu et al., 2024; Huang et al.,
2023a; 2024). Motion-based representations provide guidance through trajectory sketches and visual traces
(Gu et al., 2023; Zheng et al., 2025; Lee et al., 2025; Zhong et al., 2026). Predictive representations specify
how the scene should evolve, using future predictions (Du et al., 2023; Ko et al., 2024; Zhou et al., 2024; Zhen
et al., 2024). These approaches give the controller an explicit spatial or temporal target. Their connection
to control depends on the representation. Geometric constraints can be solved through motion optimization
(Huang et al., 2023a; 2024), depth and trajectory predictions can be encoded as intermediate tokens (Lee
et al., 2025), and visual traces can be presented through the existing image input (Zheng et al., 2025). While
these methods demonstrate the value of structured guidance, our interest is in reasoning supervision that
can be shared across RFMs without additional architecture changes.

Natural language offers this opportunity because it can describe task conditions, spatial relationships, and
intended outcomes without committing to a particular set of robot coordinates. It is already supported by
the pretrained tokenizers and language components of many robot foundation models (Zitkovich et al., 2023;
Kim et al., 2024; Black et al., 2025a), and its annotations can be generated from existing demonstrations
(Zawalski et al., 2024). Prior work uses natural language to describe fine-grained motions (Belkhale et al.,
2024), convey the current semantic subtask (Black et al., 2025a), and reason about plans, objects, and robot
state before predicting actions (Mu et al., 2023). These methods show that language can provide useful
intermediate supervision.

3 Preliminaries and Problem Statement

Robot task setting. We consider a robot operating in a partially observed environment. A task is specified
by an instruction g € G. At time t, the robot receives an observation o; € O and executes an action a;

€ A. We denote the interaction history by h; = (0o, ag, - - .,ai—1,0¢). To cover models that predict several
actions at once, we write a; = (a¢,...,at1g—1) for an action chunk of horizon H. A robot demonstration
is a trajectory T = (g, 00,4a0,..,o0r), and the training dataset is D = {r;};. We treat a pretrained robot



foundation model independently of its internal architecture. At each time step, it defines a conditional action
distribution g, (as | ht, g), where 6y denotes the pretrained parameters. Let S(7, g) € [0, 1] measure whether
the resulting trajectory completes the task. The objective of the policy is to maximize J(7w) = E, rx [S(T, 9)] .

Reasoning as intermediate computation. A standard policy predicts actions directly from the task and inter-
action history. We define reasoning more generally as forming an intermediate representation r; € R that
is formed before action prediction and carries information relevant to the current decision: r; ~ gy(ry |
he,g), a ~ mg(a; | hy, g,7). The resulting action distribution is mg 4 (a; | ke, g) = fR mo(a | he,g,7m1)qe(re |
hi, g) dry.

Problem statement. Given a pretrained robot foundation model 7, and a demonstration dataset D containing
observations and actions but no reasoning supervision, our goal is to learn a reasoned policy g ¢ that improves
task success while retaining the model’s existing control abilities. Crucially, this improvement should not
require a new model architecture, a new foundation-scale pretraining stage, or the collection of another large
robot dataset.

4 The @ ArRc Framework

We now describe the components of ARC: the reasoning representation (Sec. 4.1), the ARC-Trace relabeling
pipeline (Sec. 4.2), and the fine-tuning recipe that connects reasoning to control (Sec. 4.3).

4.1 Action Grounded Causal Reasoning

We represent r; in natural language, reusing the model’s pretrained language conditioning. We examine
ECoT-style reasoning and semantic subtask supervision, adapting both formats to the same my 5 backbone
and fine-tuning it with each (Zawalski et al., 2024; Black et al., 2025a).

To determine whether these representations
actually affect action prediction, we inspect
how the action expert distributes attention
over image and natural-language tokens in
Fig. 2. Under both ECoT and subtask su-
pervision, the action expert remains strongly
focused on the visual observation and assigns
little attention to the intermediate language.
We treat attention as a diagnostic rather

Action-head text attention

Wrist camera attention

Subtask supervision 4%

Embodied CoT 6%

ARC | 41%

Subtask supervision

[Task] Take the pen out of the cup and place it on the table. [Subtask] Grasp the pen in the cup
Embodied CoT

[Task] Take the pen out of the cup and place it on the table. [Plan] Grasp the pen, lift it out of the cup, move
it over the table, and release. [Subtask] Grasp the pen. [Move] Move down toward the pen.

[0bjects] Green pen; white cup; paper notes.

@ ARC: Action-grounded causal reasoning traces

than proof of causal dependence, but the pat-
tern exposes a plausible shortcut. Plans, ob-
ject lists, motion directions, and subtask la-
bels are often predictable from the same im-

[State] The robot sees the white cup at center-right with the green pen standing in its opening, white paper
notes nearby, and the gripper positioned close around the pen. [Cause] The pen is still held by the cup, so it
must be grasped securely before it can be pulled out and placed on the table. LEffect] The chosen effect is a
stable, centered hold on the exposed shaft of the pen. [Action] This implies the robot should pinch the lower
visible portion of the pen shaft with the gripper fingers, and lift only after a stable hold is confirmed.

[Avoid] The robot must not let the gripper contact the cup rim or wall, or knock the ctip.'[Completion] The

task is incomplete, since the pen has not yet been removed from the cup and set on the table.

age and instruction already available to the
model. The observed pattern is therefore
consistent with shortcut learning, where the
model can satisfy the language objective while continuing to predict actions from vision. Similar ground-
ing failures have been reported in other robot foundation models, which can continue pursuing the original
target even when the instruction specifies a different one (Fei et al., 2025). This suggests that the missing
information is neither a longer scene description nor a finer decomposition of the task. An action is selected
because of the change it is expected to produce in the world. Reasoning should make this relation explicit
(Wang et al., 2025). Following this principle, we develop an action-grounded causal representation for robot
control.

Relative attention low high

Figure 2 Reasoning traces and action-expert attention.

For an action chunk a;, ARC-Trace represents reasoning as r; = [State, Cause, Consequence, Effect, Action,
Avoid, Completion];. State and Cause identify the task-relevant facts and why they matter at the current
step. Consequence reasons forward from those facts, while Effect selects the state change that should advance
the task. Action connects that effect to the upcoming action chunk. Avoid records unwanted changes,
and Completion preserves task progress across successive decisions. We call these action-grounded causal



reasoning traces because they explain an action through the effect it is intended to cause, rather than
describing the action in isolation.

When the same backbone is trained with ARC traces, the action expert distributes substantially more atten-
tion to the natural-language reasoning, particularly to the spans that connect the current condition, intended
effect, and resulting action. This does not by itself establish behavioral dependence. It does show that the
trace now carries information used by the action expert rather than remaining a redundant auxiliary target;
Sec. 5 examines how this change affects task performance.

4.2 ARrc-Trace: Reasoning Supervision at Scale

The representation above creates a supervision problem: existing robot datasets record what the robot did,
but not the reasoning that made each action appropriate. Action-grounded reasoning is therefore unavailable
at the scale required to train robot foundation models. Collecting it alongside new demonstrations would
also be costly.

Our key observation is that the information needed
to recover this supervision is already present in
a successful demonstration. The task instruction
specifies the goal, the video records how the scene
changes, and the action sequence reveals how those
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Figure 3 summarizes the labeling pipeline. For illustrated with an example task.

each episode, we first generate a temporally

grounded description of the task execution from the instruction and video. We then derive episode-specific
state checks that capture the objects, relations, and task conditions needed to track progress through the
demonstration. These checks provide structured evidence about what is true at each point in the episode
and reduce the need for the final labeler to infer the entire task state from a single frame. Finally, at selected
keyframes, a vision-language model combines the task instruction, episode description, current observations,
and state checks to produce a reasoning trace aligned with the corresponding action chunk. This process
yields approximately 75K relabeled episodes and 1.2M action-aligned frames. The full labeling prompts,
sampling strategy, and filtering steps are provided in Appendix A.1.

4.3 Fine-Tuning for Reasoning-Guided Control

We fine-tune pretrained models to predict demonstrations conditioned on their aligned causal traces, ob-
servations, and task instructions. Traces reuse the base tokenizer and embeddings, and are processed by
the language transformer with the task and visual context. The action-generation layers attend to these
representations throughout denoising; token placement, projections, and masks depend on the architecture.

We retain each model’s flow-matching objective, predicting actions for the VLA and actions plus future
observations for the WAM. Let K index these modalities, with target y¥ in normalized action or encoded-
observation space. Its noisy counterpart is x¥ = (1 — s,)y¥ + sp€¥, with € ~ N(0, 1) and s;, € [0, 1] sampled
from the base noise schedule. The current observation os, instruction g, and trace r; remain uncorrupted.
Collecting the noisy targets and noise levels as x; and s, we minimize

Epred - E Z (673 MSEk(Ug(xtas | Otagﬂnt)vek - Yf) . (1)
kel



Here, vg is the velocity predicted by model parameters 6, and the expectation covers demonstrations, noise,
and noise levels. Modality weights aj and the masking, time weighting, and normalization in MSEy follow
the base recipe.

VLA Implementation. We use 7y 5-DROID (Black et al., 2025a), with a PaliGemma backbone comprising a
SigLIP vision encoder and Gemma language model, and a separate 300M-parameter action expert. A two-
layer encoder maps PaliGemma trace embeddings to tokens appended to the image-and-instruction context.
The trace attends to this context, and the action expert attends to both; all components are jointly fine-tuned.

Here, y3* = a, is the demonstrated action chunk.

With factual supervision alone, predictions change little under conflicting traces for the same observation.
To discourage this shortcut, we replace approximately 5% of traces with counterfactuals r; contradicting
the demonstrated action and exclude these examples from Lyred. Setting sact = 1 and writing € = €*“*, the

one-step estimate is a, = € — v§°*(e,1 | o, g,7; ). We penalize its proximity to the demonstration:

ch =E |:maX (07 m — MAEreal (5;7 at))2i| s EVLA = £pred + )\cfﬁcf- (2)

The expectation in L covers counterfactual samples and action noise; Lpreq uses only factual samples. The
margin m > 0 is in normalized action space, A weights the penalty, and MAE,., averages over the horizon
and eight non-padding action coordinates. This supplies negative supervision without alternative-action
demonstrations. Implementation details appear in Appendix B.1.

WAM Implementation. Cosmos3-Nano-Policy (NVIDIA, 2026) combines a vision-language reasoner and diffu-
sion generator with separate parameters connected through attention at every layer. The generator attends
to both token sets; the reasoner attends only to its own, allowing trace conditioning without architectural
changes. Each window contains one observed frame and 32 future frames with actions, paired with the first
frame’s trace. We jointly fine-tune both components with

|72

EWAM = ‘Cpred + Atraceﬁtracea ﬁtrace =-K Z IOg Q¢(Tt,j | 0t, 9, Tt,<j) . (3)
j=1

Here, g4 is the reasoner’s next-token distribution with parameters ¢, |ry| is the trace length, and r;,; and
7¢,<; denote token j and its prefix. The coefficient Airace Weights trace supervision, whose expectation is over
labeled windows. The generator conditions on ground-truth traces, and prediction-loss gradients also update
the reasoner. Cosmos3’s larger reasoner (8B versus 7o 5’s 2B) already produces distinct action distributions
under conflicting traces. Adding L. yields no measurable gain, so we omit it. Supporting ablations and
training details appear in Appendix B.2.

Inference. At inference, we freeze the ARC-fine-tuned models and use an external VLM to generate reasoning
traces from the task instruction and current camera observations, refreshing them at a selected frequency
during execution. The VLA’s vision-language backbone and the WAM’s reasoner encode these traces into
representations that condition the action expert and generator, respectively. We use external generation
because the built-in language components are less reliable at generating these traces than at using them for
control (Section 5.2). Separately, ARC maintains comparable task performance across the external VLMs
evaluated. Since the traces are natural language, their generation can benefit directly from standard LLM
inference optimizations. Appendix B.3.1 details the refresh schedules and serving optimizations, including a
near-real-time VLA deployment with ~ 10 ms of added control-loop overhead.

5 Experiments

We evaluate mp5+ARC (VLA) and Cosmos3-Nano+ARC (WAM) (both finetuned on ARrRc-Trace-DROID)
zero-shot on RoboLab-120 (Yang et al., 2026), MolmoSpaces (Kim et al., 2026), and RoboLab-Reasoning-50.
We additionally evaluate ARC-7g 5 on paired real-world tasks without further fine-tuning. All simulation and
hardware experiments use the DROID embodiment. We use Qwen3.6-35B-A3B as the default external VLM
(ablated in section 5.2).



5.1 Quantitative Results: Simulation and Hardware Benchmarks

General task performance. Tables 1 and 2 highlight task success for ARC-variants, its base models, on Robo-
Lab and MolmoSpaces. Across both benchmarks, ARC substantially improves both base models, enabling
the comparatively weaker 7y 5 to outperform stronger pretrained policies while further improving Cosmos3-
Nano-Policy. Importantly, these gains hold without benchmark-specific training, demonstrating that the
same reasoning recipe improves general manipulation across different architectures and starting levels of
performance. Table breakdowns, multi-seed runs, evaluation settings and baseline details are provided in
Appendix C.4.

@ Robolab-120: Vague @ Robolab-120: Default @ Robolab-120: Specific #MolmoSpaces
1 mo.5 + © ARC 45.1% +298 1 Cosmos3-Nano + © ARC 48.8% +120 1 Cosmos3-Nano + © ARC 51.2% +115 1 Cosmos3-Nano + © ARC 57.6% +186  9/9
2 Cosmos3-Nano + © ARC 44.9% 243 2 mo.5 + € ARC 45.3% +17.3 2 mo.5 + © ARC 45.0% +16.9
3 Cosmos3-Nano-Policy 39.7%
4 mo.5s + 9 ARC 45.0% 272 9/9
5 Cosmos3-Nano-Policy 39.0% 9/9
6 Cosmos3-Nano-Policy 20.6%
7 Cosmos3-Nano-Policy 36.8% 7 mo.s 28.1%
8 mo.s 15.2%
11 75 28.0% 11 m.5 DROID 17.8% 9/9

Table 1 RoboLab-120 benchmark results. SR is success rate; +values give gains over Table 2 MolmoSpaces bench-
the corresponding base policy in p.p. mark results.

Reasoning-focused evaluation. RoboLab and MolmoSpaces target general

. . . RobolLab-Reasoning-50
task performance. To evaluate reasoning more directly, we introduce 8 9

. . . Polic SR
RoboLab-Reasoning-50, a reasoning-focused benchmark built on Robo- Y .
K i R Cosmos3-Nano + © ARC 61.0% +50.0
Lab. This complements the broader evaluations by testing ARC on tasks 705 + @ ARC 57.0% +46.8
specifically designed to require reasoning during execution. Specifically, 0.5 + explicit subtasks 21.0%
this benchmark evaluates four major capabilities that require reason- ~ Cosmoss-Nano-Policy 1;2;
0.5 2%

ing: 1) Contextual tasks, requiring visual and semantic understanding;
2) Long-Horizon, requiring memory; 3) Discovery, requiring exploration B RoboLab-Reasoning-Hardware
via scene interaction; 4) Negation, requiring understanding exclusions. Policy SR

Table 3 compares ARC and the baselines on this suite. The benchmark ggs:;o"st‘;::Pm_c ?:;j 822
CoE . . . -Nano-Policy 9%
construction, individual tasks, and evaluation protocol are described in o5 0.5%

Appendix C.1.3. Beyond general manipulation, ARC substantially im-
proves both models on tasks requiring them to reason, infer unstated Table 3 Reasoning-50  and
steps and complete long-horizon plans. Reasoning-Hardware results.

Hardware Evaluation. We deploy 7 5-+ARC alongside 7.5 and Cosmos3-

Nano-Policy on the DROID hardware setup using the same checkpoints evaluated in simulation. We recreate
28 tasks from RoboLab-Reasoning-50 on hardware. Details of the comparison policies are provided in Ap-
pendix C.2. Table 3 reports task success across categories and the corresponding simulation results. These
paired evaluations test whether the improvements from reasoning persist during physical execution. The
gains observed in simulation carry over to physical execution, with 7y 5+ARC substantially improving g 5’s
task success on paired hardware tasks without hardware-specific fine-tuning. Category definitions, hardware
specifications and evaluation procedures appear in Appendix C.2.



Task: Swap the contents of the bowl and plate Model: Ty s ;@iARC

“.. the bowl must be cleared first...
move the banana temporarily...”

“.. the banana is set
aside... grasp the
marker securely and
transfer it from the plate
into the bowl...”

environment (RoboLab)

Paired simulation

“... the blocks still need
to leave the plate...
grasp the light wooden
block, lift it clear, and
lower it into the bowl...”

[external VLM:

“.. the red block is the

transfer it into the bowl!
so the plate is ready for
the banana...”

last object on the plate..

% Qwen 3.6 35B]

“.. the plate is now

. clear... retrieve the
banana from the table
and place it on the plate
to complete the swap...”

Figure 4 Hardware rollout of m9.5+ARC on RoboLab-Reasoning-Hardware. The VLM dynamically refreshes the rea-
soning traces (~ 1Hz in this episode), while robot control runs at 15 Hz.

5.2 Key Findings and Ablations

Tables 1, 2 and 3 support the central finding of this work that stronger grounding of causal language leads
to stronger overall performance. The improvement extends across both model families. ARC lifts compara-
tively weaker models such as 7y 5 above unmodified WAM baselines, while substantially improving already
strong models such as Cosmos3-Nano-Policy. These gains extend beyond task success to robustness and
efficiency. We identify four key findings (KF') that indicate ARC as a useful recipe for uplifting existing RFM

performance.

(KF#1) Reasoning improves execution across long-
horizon, dynamic, and reasoning-intensive tasks. The
reasoning-focused evaluations and hardware rollouts
reveal additional benefits (Tables 3; Fig. 5). In
long-horizon tasks, ARC tracks progress and main-
tains the ordering of the remaining steps. When the
scene changes during execution, updated reasoning
redirects the robot toward what is currently needed.
Reasoning-intensive tasks expose another benefit:
the robot identifies prerequisites absent from the in-
struction and takes the intermediate steps needed
to complete the task. These behaviors are accompa-
nied by stronger error recovery, with failed actions
followed by corrected attempts. Our interpretation
is that explicitly connecting the current state to the
intended effect supports several forms of decision-
making through the same representation: sequenc-
ing actions, discovering necessary steps, responding
to changes, and correcting mistakes.

A human adds and removes objects during  #
|task execution. |
= —— s <

Error correction: ARC initially moves the
orange toward the wrong bowl, then uses
online reasoning to redirect it to the
correct one.

“.. the orange belongs in the black bowl...
redirect toward it before releasing...”

Dynamic adaptation: ARC adapts to dynamic
environments, seamlessly handling objects added
or removed during runtime.

“.. a new block has appeared... place it in the
orange bowl... recheck which objects remain...”

Task: Sort the table: the blocks should
go in the orange bowl! and fruits should
go in the black bowl!

Model: Tos . QARC

[external VLM:s%Quen 3.6 35B]

Figure 5 Illustrative hardware rollout on a long-horizon,
reasoning-intensive task in a dynamic environment.
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struction specificity. On RoboLab-120, policies fine- o2 i8.5%
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Less explicit instructions Less explicit instructions

fect of the next action, giving the controller a more
specific target even when the original instruction is
underspecified.

Figure 6 Instruction robustness on RoboLab-120.

(KF#3) Reasoning buys inference-time speed-up. On

RoboLab-120, my 5+ARC matches its ten-step base o s+ RC © Cosnos3-ano-Policy + ARC
policy with a single Euler step (10x improvement), B e e " e e

while Cosmos3-Nano+ARC matches its four-step 50 45.0% 45.3% 50 ” °
base policy with two UniPC steps (2x improve- e ‘ " e T
ment)(Fig. 7). We hypothesize that specifying the ¥
intended effect narrows the set of plausible actions, o

reducing multimodality and simplifying the flow each 10- fover steps L

model must integrate. Coarse integration can then — '”mrh - - - -
suffice because more of the decision has already Coter Sntesration <tepe Db sotver steps
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still loses performance at one step, consistent with Figure 7 Inference-time efficiency on RoboLab-120 (de-
UniPC losing the multistep history needed for higher- fault).
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(KF#4) Reasoning reaches target performance with
fewer training updates. Figure 8 shows that ARC
reaches the instruction-only baseline’s 10K-iteration
performance with approximately 4.3 fewer updates,
and continues to improve with further training. We
conduct this study on Cosmos3-Nano-Policy using
its open training implementation. Our interpreta-
tion is that causal supervision makes each demon-
stration more informative. The model receives the

. . ©30.0%
reason for the demonstrated action alongside the ac- , , , , ,
tion itself, reducing what it must infer from repeated 2K 4k 6k 8k 10k
observation—action examples alone. Reasoning thus Tralning iteration
improves how efficiently training produces useful be-
havior, in addition to improving the final policy.

N

@ Cosmos3-Nano-Policy
@ ARC + Cosmos3-Nano-Policy
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43.7%

Alé?
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{ ]
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N
o)
WV

Figure 8 Training efficiency on RoboLab-120 (specific) for
Cosmos3-Nano-Policy with and without ARC.

Key ablations. We conduct three key design ablations

on RoboLab-120. (AB#1) First, we vary the external VLM while keeping the ARC-fine-tuned g 5 checkpoint
frozen (Fig. 9 (a)). Performance remains comparable across the VLMs evaluated, showing that ARC is not
tied to a particular trace generator. (AB#2) Second, we separately fine-tune g 5 for each trace variant (Fig. 9
(b)). The results points to two complementary roles within the trace: The causal account identifies which
state change matters and why, while the action implication connects that change to a physical step. Without
the action implication, the controller must infer how to realize the intended effect; with the action implication
alone, it receives a command without the causal context that makes it appropriate. Forbidden effects likewise
constrain an intended behavior but do not specify one, explaining why they help within a complete causal
account but not necessarily in isolation. (AB#3) Finally, we compare full fine-tuning with action-expert-only
training in the VLA and generator-only training in the WAM (Fig. 9(c)). Our interpretation is that pretrained
language features do not expose causal distinctions in a form the controller can readily use. Action-head-only
training leaves these features fixed and expects the controller to recover the relevant distinctions from them.



Full fine-tuning allows prediction errors to reshape the features themselves, teaching the backbone which
conditions and intended effects must be distinguished because they require different actions.

RobolLab-120 (Default)

|©GPT—5.5 |45.6%
» Qwen-3.6
|"I' 358, 3B active | 45.3%
MiniMax-M3
|Jl”“ 428B, 23B active | 45.0%
| 4 Gemini 3.6 Flash | 4t 4%

S 40.4%

~ Cosmos3-Nano-Reasoner
8B

Tle.5 (base)

3.38 28.0%

0 25 50
Success rate (%)

(a)

RoboLab-120 (Default)

RoboLab-120 (Specific)

[ &) Al 6 trace components ] 45.3% Q.5 3.38 | 45.0%
Full FT: VLM + action head :
[\wio state ]37.17%
Act head only 30.9%
[[wio Cause & Effect | 39.25% finetuning :
30.58% e 20,0
['wio Avoid ] 35.83%
[[w/o Completion | 42.33% T Cosmosa-Nano-Policy 160 | o, o
27 .42% Full FT: Generator + Reasoner e
[ State + Action ] 32.25% Ceneratogheadionly 43.7%
finetuning
State+Action+Avoid 26.75%
Base (no trace) 28.0% EES0 39.0%
I I
0 2‘5 5‘0 0 2‘9 4‘0 6‘0
Success rate (%) Success rate (%)
(b) (c)

Figure 9 Key ablations of ARC on RoboLab-120.

6 Conclusion

We presented © ARC, a reasoning recipe that substantially improves zero-shot task execution in pretrained
RFMs without collecting new robot demonstrations or repeating foundation-scale training. Applied to 7 5
and Cosmos3-Nano-Policy, ARC establishes a new state of the art on RoboLab-120 and MolmoSpaces, im-
proves robustness to ambiguous and underspecified instructions, and increases training and inference ef-
ficiency. Promising future directions include policies that reliably generate their own causal traces and
extending the recipe across embodiments. In simpler terms, we discover that RFMs do not need to be rebuilt
to reason. Grounded causal language is a cheap, high-leverage axis for scaling them.
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Al Use Statement

We used vision-language models to automatically generate action-grounded causal annotations for ARC-Trace
and, during evaluation, to generate reasoning traces from task instructions and camera observations. The
models and prompting procedures are described in the methodology and appendix. Large language models
also assisted with manuscript drafting and editing. The authors take responsibility for the final manuscript,
reported results, and all Al-assisted content.

Reproducibility statement

We describe ARC’s reasoning representation and training objectives in Sections 4.1 and 4.3. Appendix A.1
details the ARC-Trace construction pipeline and labeling prompts. Model-specific training configurations
and hyperparameters are provided in Appendices B.1 and B.2, while inference prompts and deployment
procedures are documented in Appendices B.3 and B.3.1. The evaluation protocols, benchmark construction,
baseline implementations, and hardware setup are described in Appendices C.1.3, C.3, and C.2. Rollout
videos are available on our fully anonymized project website at https://arc-robot-reasoning.github.io. The
models, code, and ARC-Trace dataset will be released after the review period.
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Appendix

This appendix provides detailed recipes for data labeling, training, and inference, together with hyperpa-
rameters, prompts, additional qualitative results, and a discussion of limitations. All experiment videos are
available on our fully anonymized project website at https://arc-robot-reasoning.github.io. The models,
code, and ARC-Trace dataset will be released after the review period.
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A ARC-TRACE and ARc-TRACE-DROID details

A.1 ARC-Trace: Data Labeling Details

ARC-Trace is constructed through three stages, illustrated in Fig. 3. Gemini 2.5 Pro interprets the episode
video and selects important frames. GPT-5.5 then generates episode-specific state checks and combines this
evidence with the task, episode narrative, and selected observations to produce action-grounded causal traces.
Separating episode-level interpretation from frame-level annotation gives each trace the context needed to
explain the current decision.

Source data and coverage. We use the training split of DROID v1.0.1 (Khazatsky et al., 2024), containing
95,658 episodes in RLDS/TFDS format. Demonstrations are recorded at 15,Hz and include wrist and two
exterior camera views, robot states, actions, and task instructions. The labeling run covers approximately
74,740 episodes, or 78.1% of the source split, and produces approximately 1.2 million annotated frames. This
corresponds to roughly 16.1 annotations per labeled episode. Most episodes without labels lack a usable task
instruction; processing failures are recorded separately.

Episode narration and keyframe selection. Gemini 2.5 Pro receives the task instruction and episode video and
produces a temporally grounded narrative of the demonstration. The narrative describes the objects involved,
the robot’s actions, and the resulting changes in the scene. This episode-level account provides context that
an isolated image cannot establish, including which parts of the task have already been completed. The same
video-labeling stage selects important frames for annotation. Selection is guided by the VLM’s interpretation
of the demonstration, rather than a fixed uniform sampling interval. Each selected frame is mapped back to
its original frame index f and timestamp f/15.

Episode-specific predicate generation. For the selected observations, GPT-5.5 generates state checks describing
the objects, relations, and conditions relevant to the task. We use the low reasoning-effort setting for this stage.
In the example in Fig. 3, these checks include target_object, target_ container, pot_ visible, gripper__open
They identify the object and destination named by the instruction and make relevant visual conditions explicit
before the final trace is composed. Their outputs provide structured evidence to the trace labeler, reducing
the need to reconstruct the task state from the image and narrative alone. These are model-generated
descriptions of visual evidence, not independently measured ground-truth states.

Action-grounded trace generation. GPT-5.5, again using low reasoning effort, combines the task instruction,
episode narrative, selected wrist observation, and state-check outputs into a structured reasoning annotation.
The annotation contains the seven semantic fields defined in Sec. 4.1, linking the perceived state and relevant
cause to a possible consequence, chosen effect, action implication, forbidden effect, and completion status.
Each record includes a natural_language_ construction, a fluent paragraph of three to six sentences targeting
approximately 700 characters. This paragraph combines the causal account with the relevant object and grasp
information. The structured fields support inspection and representation ablations, while the paragraph
provides the natural-language reasoning used for policy conditioning.

Temporal alignment and saved artifacts. Each annotation retains its episode index, keyframe identifier, original
frame index, and timestamp. The episode index identifies the source record in the RLDS training split,
and the frame index identifies the corresponding observation and start of the associated action chunk. This
preserves alignment with the original demonstration without modifying its observations or actions. We store
one JSON record per episode, with annotations ordered chronologically. Selected images, episode videos, raw
model responses, parsed outputs, model identifiers, and prompt versions are retained alongside the labels.
The full episode video is used offline to construct supervision; it is not an additional input to the deployed
policy.

We show an annotated example from a randomly selected DROID episode in Figures 10 and 11.
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Task: “Put the marker in the pot.”
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Action-grounded causal reasoning traces

[State] The scene shows an open metal pot on the left
side of the table and a black-and-white marker standing
upright closer to the center. [cause] This matters
because the marker must be moved from its current
separated position into the pot, and the robot has not yet
made contact with it. [Effect] The next useful step is
for the gripper to approach the marker carefully so it can
be grasped without tipping or pushing it away.
[Action] The robot should continue toward the marker
[Avoid] while avoiding collisions with the pot, the
table edge, or nearby clutter. [Completion] The task
is incomplete because the marker remains outside the pot.

002 2.40s

Keyframes

xternal camera
Wrist camera

L) -

Action-grounded causal reasoning traces

[State] 7e pot remains open on the left, while the
marker is still on the tabletop to its right. The gripper has
moved closer and appears to be lining up for a grasp,
[Cause] which is a necessary causal step before the
marker can be lifted or moved into the pot. [Avoid] If
the robot approaches with too much sideways motion or
closes too early, it may push the marker away rather than
secure it. [Action] The robot should continue with
careful alignment and prepare to grasp the marker
[Avoid] without disturbing the pot. [Completion]
The task is not complete because the marker has not been
placed in the pot.

Wrist camera

e
Action-grounded causal reasoning traces

[State] 7he marker is still lying on the tabletop near
the robot gripper, while the open pot remains to the left.
[Cause] This moment matters because the robot
appears to be shifting from approach into the grasping
phase, and the marker must be controlled before it can be
put into the pot. [Avoid] A poorly aligned contact
could roll the marker away or push it across the table
instead of securing it. [Action] The robot should
continue by making a careful, stable grasp and then move
the marker toward the pot. [Comp'l.et:i.on] The task
remains incomplete because the marker is not yet inside
the pot.
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Action-grounded causal reasoning traces

[State] The pot is open on the left side of the table
while the marker remains upright on the tabletop to its
right. [cause] 7his separation matters because the
robot still needs to pick up or otherwise move the marker
before it can be put into the pot. [Effect] The next
likely step is to bring the gripper closer and align it with
the marker for a stable grasp. [Action] 7he robot
should continue carefully, [Avoid] avoiding any
motion that would topple the marker or shift the pot.
[Completion] The task is still incomplete because
the marker is not in the pot.

003 3.67s

Wrist camera

Wi

Action-grounded causal reasoning traces

[State] The marker is on the tabletop near the robot
gripper, while the open pot remains to the left. [Cause]
This matters because the robot has reached the critical
pre-grasp position where small alignment errors could
determine whether the marker is captured or pushed
away. [Effect] The intended next effect is to close or
position the gripper so the marker is held securely for
transport. [AC tion] The robot should continue
carefully, [Avoid] avoiding any sideways contact that
could roll the marker or disturb the pot.
[Completion] The task is still incomplete because
the marker has not been deposited in the pot.

005 4.87s

Wrist camera

¥

Action-grounded causal reasoning traces

[State] 7ne robor gripper is now contacting the
marker near its lower end, and the marker is upright or
nearly upright at the grasp point. [Cause] This matters
because the robot must first secure the marker before it
can move it into the open pot visible on the left.
[Avoid] If the grip is not stable, the marker may slip,
rotate, or be pushed away instead of being carried.
[Action] The robot should continue by confirming a
firm grasp and then moving the marker toward the pot
[Avoid] without bumping the pot or table.
[Completion] The task is still incomplete because
the marker has not been deposited inside the pot.

Figure 10 Full natural-language reasoning annotations for “Put the marker in the pot,” with synchronized external-
and wrist-camera views. Part 1: labeled keyframes 000-005.
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Task: “Put the marker in the pot.”

Keyframes

006 6.07s

Wrist camera

External ca

- -
Action-grounded causal reasoning traces
[State] 7he robot is now holding the marker upright
near its lower end, indicating that the grasp has likely
been established. [Cause] This matters because
controlled possession of the marker is required before the
robot can carry it to the pot. [State] The pot is not
visible in this frame, [Effect] so the next useful effect
is to transport the held marker toward the pot while
keeping it stable. [Action] The robot should continue
carefully [Avoid] and avoid dropping the marker or
colliding with surrounding surfaces. [Comp'letion]
The task remains incomplete because the marker has not
been placed into the pot.

Keyframes 008 8.53s

Wrist camera
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Action-grounded causal reasoning traces

[State] The robot is holding the marker upright and
has moved it directly in front of the open metal pot.
[Cause] This matters because the marker is now close
enough that the next small positioning motion can
determine whether it enters the pot or misses the opening.
[Effect] if the robot centers and lowers it carefully,
the marker can be placed inside, [Avoid] but an
off-center release could make it hit the rim or fall outside.
[Action] The robot should continue with fine
alignment and release only when the marker is clearly
over the pot. [Completion] The task is still
incomplete because the marker remains in the gripper
rather than inside the pot.
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Action-grounded causal reasoning traces
[State] The marker is still visibly inside the open
metal pot, and the robot gripper is now away from the
marker rather than holding it. [cause] 7his matters
because the required placement has already been
achieved, and the remaining concern is preserving that
siate. [Effect] A careful withdrawal will keep the
marker in the pot, [Avoid] while unnecessary motion
could hit the rim or dislodge the marker. [Action] 7he
robot should retract or stop without re-contacting the pot
or marker. [Completion] The task is complete
because the marker has been placed in the pot.

007 7.33s

Keyframes

External camera
Wrist camera
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Action-grounded causal reasoning traces

[State] The robot is holding the marker upright and
has brought it close to the open metal pot visible ahead.
[Cause] This matters because the task has progressed
from grasping to target alignment, and the marker must
now be placed into the pot rather than simply carried
near it. [Effect] A careful forward or upward
alignment could put the marker over the opening,
[Avoid] buz an early release or poor positioning could
cause it to hit the rim or fall outside. [Action] 7he
robot should continue by centering the marker over the
pot and lowering or releasing it only when placement is
secure. [Completion] The task is still incomplete
because the marker is not yet inside the pot.

009 9.73s

Action-grounded causal reasoning traces

[State] The marker is now visibly positioned inside
the open metal pot, and the gripper appears open rather
than holding it. [Cause] This maiters because the
required object has reached the target container,
satisfying the main goal of the instruction. [Avoid]
The robot should avoid any additional motion that might
strike the pot or knock the marker back out. [Action]
A safe withdrawal or stopping motion is appropriate now
that the placement has been achieved. [Comp'l.etion]
The task is complete because the marker is in the pot.

011 11.00s

Wrist camera

Action-grounded causal reasoning traces

[State] The marker is still visibly inside the open
metal pot, and the robot gripper is away from it.
[Cause] This matters because the placement has
remained stable after release, which satisfies the
instruction to put the marker in the pot. [Effect] The
best next outcome is to preserve this state [Action] by
stopping or staying clear of the container. [Avoid] The
robot should avoid re-contacting the marker or bumping
the pot, since that could undo the successful placement.
[Comp'l.etion] The task is complete because the
marker is in the pot.

Figure 11 Full natural-language reasoning annotations for “Put the marker in the pot,” continued. Part 2: labeled
keyframes 006-011.
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B Fine-tuning and inference recipe details
B.1 VLA Fine-Tuning Details

@ 1,5 -DROID + ARC

Current Task + Causal trace Action chunk
observation robot state factual / counterfactual normalized
SigLIP 6 Base tokenizer Corrupt action chunk
vision encoder + PaliGemma embeddings x = (1-s)a + s¢
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Figure 12 ARC fine-tuning architecture for 7.5

Observation and instruction encoding. Figure 12 shows the 7 5-DROID implementation. The exterior and
wrist images in o; are resized to 224 x 224 and encoded by SigLIP into 256 tokens per view. These tokens
are projected to the Gemma backbone’s width of 2048. The task instruction g and discretized robot state
are encoded together using the PaliGemma tokenizer, with a maximum length of 200 tokens. Image and
instruction tokens form the original context; unused camera slots and padding are masked.

Trace encoding. The trace r; is tokenized separately, with a maximum length of 320 tokens, and embedded
using the same PaliGemma embedding table. The trace encoder projects these 2048-dimensional embeddings
to width 512, adds learned positional embeddings, and applies two pre-normalized transformer blocks, each
with eight attention heads and a feed-forward width of 2048. A final projection returns the representations
to width 2048 before they are appended to the context. This projection is zero-initialized, so the added
representations initially carry no trace-specific information.

Layerwise conditioning. Context and trace tokens are processed by the Gemma-2B parameters, while noisy
action tokens are processed by the 300M-parameter action expert. The two components have widths 2048
and 1024, respectively, and interact through shared attention at each of the 18 transformer layers. Their
attention projections produce compatible keys, queries, and values despite the different hidden widths. The
block mask is

20



Key tokens

Context Trace Actions

Context

Trace

Query tokens

Actions
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[H Allowed attention  [] Blocked

where rows denote the attending tokens, columns denote the attended tokens, and 1 permits attention to all
valid tokens in the corresponding block. Thus, the trace can use the observed scene and instruction, while
the action expert can combine both with the noisy action chunk. Neither context nor trace representations
depend on the noisy actions. Although trace tokens precede action tokens in the input sequence, their rotary
position indices are assigned after the action positions, preserving the pretrained positional indices of the
action tokens.

Action prediction and training. With chunk length H = 15, the normalized action target is y?* = a, € RH¥*32,
Eight coordinates represent the seven joints and gripper; the remaining coordinates are padding. Each row
of x2* is projected to one 1024-dimensional action token. A sinusoidal embedding of s,¢t, followed by an
MLP, conditions the action expert through adaptive RMS normalization. Its final token representations are
projected back to 32 coordinates to produce vj°t.

The vision encoder, language backbone, trace encoder, and action expert are jointly optimized with Eq. 2.
Factual and counterfactual examples share one batched forward pass. Their loss masks select flow matching
or the counterfactual penalty, respectively, with s,.t = 1 for counterfactual examples. The flow loss uses the
padded action representation, whereas MAE, ., excludes padding when measuring counterfactual separation.

B.2 WAM Fine-Tuning Details

Token construction. Figure 13 shows the Cosmos3-Nano-Policy implementation. The reasoner receives ViT-
encoded current observations followed by the task instruction g and trace r;, using the pretrained language
tokenizer and embeddings. The trace is appended directly to the instruction without a separate trace encoder.
End-of-sequence and begin-of-generation tokens mark the boundary between the reasoner and generator
sequences.

The generator operates on continuous observation and action representations. Each training window contains
one observed frame and 32 future frames with aligned actions. The video VAE encodes the future observations
into y?P*, while the normalized actions form y3°*. Their noisy versions, x¢* and x2°*, are projected into
generator tokens. The base Cosmos video input also retains the initial frame as clean VAE conditioning,

separate from the noised future targets (NVIDIA, 2026).

Reasoner-generator attention. Cosmos3-Nano uses 36 paired transformer layers of width 4096. The reasoner
and generator have separate normalization layers, attention projections, and feed-forward networks, but their
tokens interact through a shared attention operation (NVIDIA, 2026). The block mask is
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Both flow-matching losses also update the reasoner.

Figure 13 ARC fine-tuning architecture for Cosmos3-nano-policy

Key tokens

Reasoner Generator

Reasoner

Query tokens

Generator

Causal only within Reasoner

@ Allowed attention ~ [] Blocked

using the same row and column convention as the VLA. Causal attention restricts each reasoner token to its
preceding context and itself. Generator tokens attend to the complete reasoner sequence and to one another,
allowing action and future-observation predictions to exchange information while remaining conditioned on

the trace. Separate output projections produce v3* and vgP® in their respective target spaces.

Joint supervision. The ground-truth trace serves two roles during training. It supplies conditioning to the
generator and next-token targets to the reasoner. For Lirace, targets are shifted so that prediction of 7 ; uses
only o, g, and 7 <;. The reasoner cannot attend to later trace tokens or diffusion targets. The generator,
however, conditions on the complete ground-truth trace when predicting actions and future observations.

We jointly update both components using Eq. 3. The trace loss supervises the reasoner’s language predictions,
while L,;eq also updates its representations through the keys and values used by the generator. Consequently,
the reasoner is trained both to express the annotated reasoning and to provide features useful for continuous
prediction. The counterfactual objective is omitted, as described in Sec. 4.3.
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B.3 Inference

During evaluation, we freeze the ARC-fine-tuned policies and use an external VLM to generate action-
grounded causal traces. Each request contains the task instruction and the current exterior- and wrist-camera
images. A fixed prompt specifies the ARC trace format and requests a single natural-language paragraph of
at most 900 characters, grounded in the current observations.

The generated trace is supplied alongside the original instruction and observations. In the VLA, the vision-
language backbone encodes the trace for the action expert; in the WAM, the reasoner encodes it for the
generator. The external VLM provides the reasoning, while the ARC-fine-tuned policy remains responsible
for generating continuous robot actions. Responses are checked for format and length before use, and a
rejected response leaves the previous accepted trace unchanged. Trace generation runs asynchronously, with
each policy call using the latest accepted trace.

B.3.1 Real-Time Deployment

Task + camera views Asynchronous trace updates
External + wrist - 480 x 480 JPEGs

l

Local reasoner - vLLM Latest valid trace

Qwen3.6-35B-A3B trace Validate before replacing

35B total - 3B active - FP8
One causal-trace paragraph

Cached prefix - thinking off Reuse until next accepted update

Read latest accepted trace
Policy and control

Current policy inputs @ Tty 5 -DROID + ARC Action chunk Robot control

E— —
Task + views + robot state Policy requests - 1 Hz 15 steps-1s 15 Hz

Trace generation overlaps action execution.

Figure 14 Real-time deployment strategy

We separate reasoning generation from action execution so that the robot does not wait for a new trace
at every policy query. The robot executes 15-action chunks at 15 Hz, while a background thread generates
reasoning from the latest camera observations. After episode initialization, each policy query uses the most
recent validated trace; delayed or invalid responses leave the previous trace in place. Reasoning latency
therefore affects how recently the scene was interpreted, without blocking subsequent action generation.

To refresh the reasoning within the action-chunk duration, we serve Qwen3.6-35B-A3B-FP8 locally using
vLLM on a dedicated GPU host. Local serving avoids remote API delays, while FP8 inference and prefix
caching reduce computation and memory costs. The shared system prompt and task instruction precede the
images, allowing their cached representations to be reused across requests. We disable auxiliary thinking-
token generation and request a single causal paragraph of at most 900 characters. Each request contains two
camera images, with bounded concurrency to limit queueing.
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C Experiment Details

C.1 Simulation Benchmark Details

C.1.1 RobolLab-120

We evaluate ARC-fine-tuned 7y 5 and Cosmos3-Nano-Policy on all 120 tasks in RoboLab-120 (Yang et al.,
2026), using the released benchmark without modifying its tasks, scenes, or success criteria. Evaluation uses
the DROID embodiment and follows the standard protocol of 10 episodes per task. We repeat this evaluation
for the vague, default, and specific instruction variants, yielding 1,200 episodes per model for each instruction
setting. We report success as the fraction of episodes that satisfy the benchmark’s task-completion criteria.
All evaluations are zero-shot, with model weights frozen and no training on benchmark data. We refer the
readers to the original paper Yang et al. (2026) for the full dataset split and examples.

C.1.2 MolmoSpaces

We evaluate the same checkpoints on all nine manipulation tasks reported in Table 2, following the official
MolmoSpaces evaluation protocol (Kim et al., 2026). We use the released episode sets and task configurations,
preserving the specified scenes, object placements, camera configurations, instructions, and success criteria.
All tasks use the DROID embodiment, with no benchmark-specific training or modification of the evaluation
environments. We report success for each task and the aggregate performance using the benchmark’s scoring
procedure. We refer the readers to the original paper Kim et al. (2026) for the full dataset split and examples.

For both benchmarks, results for the other baseline policies are taken from the corresponding benchmark
reports and official leaderboards.

C.1.3 RobolLab-Reasoning-50

We build RoboLab-Reasoning-50 using the RoboLab framework, introducing 50 tasks that require target
inference, multi-step execution, discovery, or reasoning about exclusions. Of these, 34 leave the target un-
named and require the policy to identify it from the instruction and scene. The remaining 16 name their
targets but require long-horizon or discovery behavior.

The benchmark combines 27 tasks adapted from our real-world evaluation with 23 simulation-only tasks that
extend the object sets and destinations. The paired tasks preserve the instruction wording used on hardware.
Tasks span 44 scene and use objects from a processed library of 371 NVIDIA Isaac objects. The robot and
camera configuration match the DROID embodiment used in RoboLab-120.

Evaluation. We run 10 episodes for each of the 50 tasks, totaling 500 episodes per model. Control runs at
15 Hz, with task-specific time limits ranging from 50 to 240s. Budgets allow at least 45 s for the first required
move and 30s for each additional move, with a further 30s for discovery tasks. An episode terminates on
success, timeout, or a tracked object leaving the workspace.

Scoring. Headline results use binary task success, evaluated from the final scene state with the gripper
detached. Predicates check containment, placement, stacking, exclusion constraints, or task-specific combi-
nations of these conditions. Scoring does not impose a fixed execution sequence, although the required final
arrangement must be satisfied.

Table 4 RoboLab-Reasoning-50 tasks and categories. Tasks assigned to two categories retain both labels.

RoboLab-Reasoning-50 50 tasks
Task Category

Simple

Simple

Continued on next page
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RoboLab-Reasoning-50

Task

“Put the smallest item in the bow!”

“Put the second tallest object in the bow!”

“Put the item that matches the bowl’s color into it”

“Move the object closest to the table’s edge to the bowl or plate”
“Put the kitchen utensils in the plate”

“Stack the blocks in order: red, blue, green”

“Reverse the stacking order of the three colored blocks”

“Reverse the arrangement: whatever is on the plate goes in the bowl, and whatever is in the bow!

goes on the plate”

“The plate is for utensils, the bowl is for blocks; sort the table accordingly”
“Nothing should be left on the left plate”

“Every container on the table should hold exactly two things”

“Put the green vegetables and a fruit in the blue basket”

“Put the drink cans in the cardboard box”

“Pack all the bread into the basket”

“Put the apples in the cardboard box”

“Put all the citrus fruits into the basket”

“Put the cups onto the tray, upright”

“Put the yellow things onto the yellow plate and the green things onto the green plate”

“Put all the fruits except the red ones on the higher plate”

“Put two bags of chips in the green basket”
“Empty the right half of the desk into the grey bin”

“Put all the tapes into the bin, except the tape in the tape dispenser”

“Put the reusable cups in the bussing bin and put the disposable cups in the trash bin”
“Put the cutlery in the bussing bin”

“Put a zucchini, the eggplant, and a knife on the cutting board”

“Sort everything on the table into the recycling, compost, and trash bins”

“Sort the chips bag, the banana, the drink can, and the paper cup into the correct bins”
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continued

Category

Simple

Simple

Simple

Simple

Simple

Long horizon
Long horizon

Long horizon

Long horizon
Long horizon
Long horizon
Long horizon
Long horizon
Long horizon
Long horizon
Long horizon
Long horizon
Long horizon

Long horizon
+ Negation

Long horizon
Long horizon

Long horizon
+ Negation

Long horizon
Long horizon
Long horizon
Long horizon

Long horizon

Continued on next page



RoboLab-Reasoning-50

Task

“Put the food snacks in the black bin, and leave the drinks”

“Put the number cubes in the basket”

“Move the grey plate and put whatever is under it into the red bow!”

“Take the black plate off of the bowl and put what you find underneath onto the grey plate”
“Move the carton, then put whatever was hidden behind it into the bow!”

“Move the mustard bottle aside and put whatever was behind it into the bow!”

“Take the item out of the plate and place it on the table. Then put the item that was on the table
onto the plate.”

“Put the banana on the plate”

“Put the spatula on the plate”

“Put the bananas on the plate”

“Put the cans in the recycling”

“Put what'’s under the plate into the grey bin”

“Stack the blue block behind the paddle on the rubik’s cube”

“Pack the can behind the box into the box”

“One container is empty and one has something in it. Put the block into the empty container”
“Put all the fruits into the bowl except the orange”

“Put all items on the table into the bowl! except the can”

“Put every item on the table into the bowl except the blue block and the wood block”

“ltems are arranged in two groups on either side of the wall of blocks. Put all items from the
group that does NOT contain a can into the bow!”

“Three items are on the table: two are fruits and one is not. Put the non-fruit into the bow!”

“Put every item on the table into the crate except the green colored objects”

C.2 RobolLab-Reasoning-Hardware

continued
Category
Long horizon
Long horizon
Discovery
Discovery
Discovery
Discovery

Discovery

Discovery
Discovery
Discovery
Discovery
Discovery
Discovery
Discovery
Negation
Negation
Negation
Negation

Negation

Negation

Negation

We conduct hardware experiments on the DROID embodiment (Khazatsky et al., 2024), consisting of a seven-
degree-of-freedom Franka Emika Panda arm equipped with a Robotiq 2F-85 two-finger gripper. Figure 15

shows the workspace layout and camera placements.

The evaluation includes simple reasoning, long-horizon, discovery, and negation tasks paired with their coun-
terparts in RoboLab-Reasoning-50. Each pair uses the same task instruction, allowing direct comparison
between simulation and physical execution. We evaluate ARC-fine-tuned 7 5 and the comparison policies
for three episodes per task, using the same checkpoints evaluated in simulation without hardware-specific

fine-tuning.
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External camera

Wrist camera
U O\

Table top setup

Figure 15 Hardware setup for real-world experiments

Figures 16, 17, 18, 19 represents the benchmark tasks and the paired hardware and simulation environments.
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Category: Simple 7 tasks

Task Hardware (external) Simulation

SIM1

“The plate should only have edible
items”

SIM2

“Everything made of wood goes in the
bow!”

SIM3
“Put the smallest item in the bowl”

SIM4

“Put the second tallest object in the
bow!”

SIM5

“Put the item that matches the bowl's
color into it”

SIM6

“Move the object closest to the table's
edge to the bowl or plate”

SIN7
“Put the kitchen utensils in the plate”

Figure 16 RoboLab-Reasoning-Hardware task setups for the simple category. Each row pairs the task instruction with
the external hardware-camera view and its simulation setup.
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Category: Long horizon 6 tasks

Task Hardware (external) Simulation

LH1

“Stack the blocks in order: red, blue,
green”

LH2

“Reverse the stacking order of the three
colored blocks”

LH3

“Reverse the arrangement: whatever is
on the plate goes in the bowl, and
whatever is in the bowl goes on the
plate”

LH4

“The plate is for utensils, the bowl is for
blocks; sort the table accordingly”

LH5
“Nothing should be left on the left plate”

LH6

“Every container on the table should
hold exactly two things”

Figure 17 RoboLab-Reasoning-Hardware task setups for the long horizon category. Task instructions are shown
alongside external hardware-camera views and simulation illustrations.
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Category: Discovery 7 tasks

Task Hardware (external) Simulation

D1

“Move the lid and put whatever is under
the lid into the bow!”

D2

“Take the cloth off of the bow! and put
what you find underneath into the plate

”

D3

“Move the carton, then put whatever
was hidden behind it into the bow!”

D&

“Move the mustard bottle aside and put
whatever was behind it into the bow!”

D5

“Take the item out of the plate and
place it on the table. Then put the item
that was on the table onto the plate.”

D6
“Put the banana on the plate”

D7
“Put the spatula on the plate”

Figure 18 RoboLab-Reasoning-Hardware task setups for the discovery category. Each row pairs the task instruction
with the external hardware-camera view and its simulation setup.
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Category: Negation 7 tasks

Task Hardware (external) Simulation

NEG1

“One container is empty and one has
something in it. Put the block into the
empty container”

NEG2

“Put all the fruits into the bowl! except
the orange”

NEG3

“Put all items on the table into the bowl
except the can”

NEG4

“Put every item on the table into the
bowl except the blue block and the
wood block”

NEG5

“ltems are arranged in two groups on
either side of the wall of blocks. Put all
items from the group that does NOT
contain a can into the bow!”

NEG6

“Three items are on the table - two are
fruits and one is not. Put the non-fruit
into the bowl”

NEG7

“Put every item on the table into the
crate except the green colored objects”

Figure 19 RoboLab-Reasoning-Hardware task setups for the negation category. Each row pairs the task instruction
with the external hardware-camera view and its simulation setup.
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C.3 Evaluated Policies

mo.5. We use the released 7 5-DROID joint-position checkpoint. Its PaliGemma backbone combines a SigL.IP
vision encoder with a Gemma language model to process camera observations, the task instruction, and
tokenized robot state. A separate 300M-parameter action expert attends to these representations and predicts
continuous action chunks through flow matching. The baseline receives the original task instruction without
additional reasoning, using the default ten Euler steps for action generation.

Cosmos3-Nano-Policy. We use the DROID checkpoint of Cosmos3-Nano-Policy, a world-action model built on
a mixture-of-transformers architecture. It combines a vision-language reasoner with a diffusion generator,
each with separate parameters connected through attention at every layer. The reasoner processes the visual
and language inputs, while the generator jointly predicts future observations and actions conditioned on the
reasoner’s representations. We refer readers to the original papers for detailed architecture and pretraining
descriptions (Black et al., 2025a; NVIDIA, 2026).

0.5 with explicit subtasks. This baseline evaluates external task decomposition without modifying or fine-
tuning the policy. We retain the stock my.5-DROID checkpoint and use GPT-5.5 to generate an ordered plan
from the task instruction and initial exterior-camera image. The plan contains at most 12 coarse subtasks,
with a complete pick-and-place operation treated as one subtask. For multi-object instructions, the planner
names the matching objects explicitly and excludes those ruled out by the instruction. Single-object and
discovery instructions are passed through unchanged under this coarse decomposition scheme.

During execution, a client-side wrapper replaces the original instruction with the current subtask, leaving
the observations, robot state, and policy unchanged. The client executes 15 actions per policy query. Ev-
ery 30 simulation steps, GPT-5.5 checks the current subtask against the exterior and wrist-camera images.
Completion requires the object to be at its destination, released, and stable; two consecutive positive checks
advance the plan. A subtask also advances when its allocated step budget expires, with the episode budget
divided across subtasks subject to a minimum of 225 steps per subtask. Failed subtasks are skipped rather
than retried, and the final subtask remains active until the episode ends.

The planner and completion checker use low reasoning effort and a temperature of 0.2. The plan is generated
once per episode, with no replanning; an empty or invalid plan falls back to the original instruction. The
external VLM only supplies subtask prompts and completion judgments, while 7 5 remains responsible for
all robot actions.

C.4 Detailed RoboLab-120 results.

We now present detailed benchmark results under vague, default, and specific instructions. Alongside suc-
cess rates, we report end-effector speed and EE SPARC, together with the available uncertainty estimates.
Figure 20 compares both ARC policies with the leading baselines.
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® RoboLab-120: Vague

# Policy Type N SR (%) EE speed (cm/s) EE SPARC Obs.
1 mo.5 + @ ARC VLA —_ 45.1 £3.1 (+29.8) 4.63 +3.45 —5.38 +2.01 RGB+P
2 Cosmos3-Nano-Policy + & ARC WAM — 44.9 +23 (+24.3) 6.34 +3.01 —6.01 +£2.04 RGB+P
3 Atomic-WAM VLM+WAM  379/1200 31.6 £5.3 7.45 £1.79 4.77 RGB+P
4 BiMind v0.1 VLA 363/1200 30.2 +53 524 +1.72 5.88 RGB+P
5 VolLo AGENT 354/1200 29.5 +52 5.51 +1.62 —8.92 RGB+D+P
6 Cosmos3-Nano-Policy WAM 247/1200 20.6 +4.7 6.37 +1.59 —5.99 RGB+P
7 Cosmos3-Edge-Policy WAM 185/1200 15.4 +4.2 6.35 +1.74 5.46 RGB+P
8 Tos VLA 183/1200 15.2 +4.1 5.35 +£1.41 —8.34 RGB+P
9 DreamZero WAM 179/1200 14.9 +4.1 311 £1.24 —6.41 RGB+P
10 mo-FAST VLA 111/1200 9.2 +£34 4.85 +£1.77 9.63 RGB+P
11 GROOT N1.6 VLA 65/1200 54 +26 419 +1.24 6.87 RGB+P
N: successes/trials; —: not provided. SR uncertainty and green gains over the base policy are in percentage points.

Reported = values are reproduced as supplied

@ RobolLab-120: Default

# Policy Type N SR (%) EE speed (cm/s) EE SPARC Obs.

1 Cosmos3-Nano-Policy + @ ARC WAM — 48.8 +2.4 (+12.0) 6.39 +3.12 —5.98 +3.31 RGB+P
2 mos + @ ARC VLA — 45.3 +2.3 (+17.3) 4.64 +1.35 —5.81 £2.10 RGB+P
3 FLUX 3 Action WAM 515/1200 429 +57 7.36 +1.85 5.37 RGB+P
4 HiDream-O1-Embodied VLA 479/1200 399 +56 532 +2.23 4.95 RGB+P
5 Atomic-WAM VLM+WAM  475/1200 39.6 £5.6 7.69 +£1.97 —4.77 RGB+P
6 OASIS WAM VLM+WAM  468/1200 39.0 £5.6 6.91 +1.81 —5.26 RGB+P
7 Cosmos3-Nano-Policy WAM 441/1200 36.8 +£55 713 £1.77 —5.99 RGB+P
g Phoenix TAMP+FM  413/1200 344 +55 6.13 +4.56 5.55 RGB+D+P
9 BiMind v0.1 VLA 400/1200 33.3 +£54 5.26 +1.72 5.88 RGB+P
10 VolLo AGENT 339/1200 28.2 +£5.2 5.50 +1.67 8.92 RGB+D+P
11 mos VLA 336/1200 28.0 £5.2 5.35 +1.59 —8.34 RGB+P

sesftrials; —: not provided. SR uncertainty and green gains over the base policy are in percentage points
reproduced pplied.

ed + value:

8 RobolLab-120: Specific

# Policy Type N SR (%) EE speed (cm/s) EE SPARC Obs.
1 Cosmos3-Nano-Policy + & ARC WAM — 51.2 £2.7 (+11.5) 7.34 245 —5.90 +3.11 RGB+P
2 mo.s + Y ARC VLA —_ 45.0 £2.5 (+16.9) 4.34 +1.45 —5.88 +2.11 RGB+P
3 Cosmos3-Nano-Policy WAM 476/1200 39.7 +5.6 7.31 £1.94 —-5.99 RGB+P
4 VolLo AGENT 377/1200 314 +53 5.49 +1.67 8.92 RGB+D+P
5 BiMind v0.1 VLA 367/1200 30.6 +5.3 5.05 +1.71 5.88 RGB+P
6 Cosmos3-Edge-Policy WAM 346/1200 28.8 £5.2 7.14 +1.89 —5.46 RGB+P
7 Tos VLA 337/1200 28.1 £5.2 5.32 +£1.59 —8.34 RGB+P
g DreamZero WAM 287/1200 239 +49 3.81 +1.41 6.41 RGB+P
9 mo-FAST VLA 179/1200 14.9 +441 4.66 +1.77 9.63 RGB+P
10 paligemma-binning VLA 66/1200 55 +27 2.01 +£1.77 —16.52 RGB+P
11 GROOT N1.6 VLA 64/1200 53 +26 4.45 +1.41 6.87 RGB+P
N rials; —: not provided. SR uncertainty and green gains over the base policy are in percentage points.

Reported + values are reproduced as supplied

Figure 20 Detailed RoboLab-120 benchmark results. Results under vague, default, and specific instructions are shown from
top to bottom. Each table lists the top 11 policies, including both ARC variants, ranked by success rate. Green-shaded
rows highlight ARC policies; +values indicate success-rate gains over their respective base policies in percentage points.
Reported uncertainty is included where available.

D Training Hyperparameters and Configurations.
We now present the model configurations and training settings for both ARC implementations. Table 5 details

the my.5-DROID implementation, while Table 6 reports the settings for Cosmos3-Nano-Policy, including its
compute resources and measured training runtime.
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Table 5 Training hyperparameters and model configuration for 7o.5-DROID + ARC (VLA).

Training configuration: 7y ;-DROID + © ARC

Parameter
Optimisation

Base checkpoint

Trainable components

Training steps

Global batch size
Optimiser

Gradient clipping
Learning rate
Learning-rate schedule
EMA of weights
Precision

Sharding and hardware
Objective

Flow time

Counterfactual fraction

Counterfactual rows

Counterfactual margin

Counterfactual hinge
Loss weight

Counterfactual detection

Model and inference
Vision encoder

Language trunk
Action expert

Prompt stream
Trace stream

Action chunk

Inference sampling

Value

Released m.5-DROID (pi05_droid); full fine-tuning (freeze_filter = Nothing).

SigLIP encoder, Gemma 2B trunk, 300M action expert, and the new CausalTraceModule.
30000.

8.

AdamW; 81 = 0.9, B2 = 0.95, e = 10~%; weight decay 10~'°.

Global norm 1.0.

Peak 10~°; decay target 10~°.

Cosine schedule; warm-up min(1000, 5/10) = 1000 steps for S = 30000; constant after warm-up.
Decay 0.99.

bfloat16 parameters and activations; trace embeddings cast to float32 inside the trace encoder.
FSDP across 8 NVIDIA A100 GPUs on 1 node.

u ~ Beta(1.5,1), t = 0.999u + 0.001; ¢ = 1 denotes pure noise.

0.05 of rows receive the Do not grasp the {target} paragraph.

Flow time fixed to ¢ = 1; excluded from the flow loss.

m = 0.3; distance d is mean L, in normalised action space over the 8 real action dimensions.
max(m — d, 0)%; masked mean over counterfactual rows.

A=1.0; L = Laow + ALct.

Token-pattern match on the opener Do not grasp the.

SigLIP So400m/14; 224 x 224 inputs; 256 tokens per camera; 3 camera slots (third zeroed and masked on

DROID).

Gemma 2B: width 2048, 18 layers, MLP 16 384, 8 attention heads, 1 KV head, head dimension 256.
Gemma 300M: width 1024, 18 layers, MLP 4 096; adaRMSNorm time conditioning.

200 tokens: instruction and discretised state (256 bins).

320 tokens; CausalTraceModule: input projection 2048 — 512, learned positional embedding, 2 encoder

blocks (8 heads, MLP 2048), and zero-initialised output projection 512 —2048.
Horizon 15; action dimension 32: 8 real dimensions (7 joints and gripper), with the rest zero-padded.

10 Euler steps fromt = 1to ¢t = 0.

Table 6 Model configuration and training run settings for Cosmos3-Nano-Policy + ARC (WAM).

Training configuration: Cosmos3-Nano-Policy + ¢’ ARC

Parameter
Model and objective

Base model

Released DROID checkpoint

Architecture
Trainable components
Training conditioning
Generator objective
Trace objective
Total objective
Training configuration
Sequence length
Batch size per rank
Resolution setting
Learning rate

Run end iteration

Hardware and measured runtime

Compute nodes
GPUs
Latest iteration time

Measured run wall time

Value

Cosmos3-Nano-Policy.

nvidia/Cosmos3-Nano-Policy-DROID.

Mixture-of-Transformers: an autoregressive reasoner and a diffusion generator.
Joint fine-tuning of the reasoner and generator.

Current observation, task instruction, and ground-truth causal trace.

Separate velocity flow-matching losses for future observations and actions; action-loss coefficient 10.
Next-token prediction of the causal trace.

Lwam = LR + 10L55 + MraceLirace-

33.

64.

480.

2% 107
25 450.

32.

128 NVIDIA GB200 GPUs.
22.09 seconds per iteration.
154.29 hours.
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E Additional Qualitative Results

We now present additional qualitative hardware results. All the videos are available on the project website.

Task: Reverse the arrangement, whatever is on the plate goes in the bowl, and whatever is in the bowl goes on the plate

Model: 55 + © ARC [external vim: ¥ Qwen 3.6 35B]

... the banana must leave ... the bowl is clear... ... the wooden block is ... the red block is the last ... the original plate

the bowl first... place it grasp the marker on the still on the plate... secure object on the plate... contents are now in the
temporarily on the table to  plate, lift it securely, and the block before lifting, transfer it into the bowl so bowl... return the banana
make room for the plate lower it into the bowl... then place it inside the the plate is clear... from the table to the
contents... bowl... cleared plate...

Trace summaries

Task: Every container on the table should hold exactly two things
Model: g5 + Q@ ARC [external VLM: %% Qwen 3.6 35B]

13 = W, N thL. =

... both bowls are empty... ... the banana is inside ... the blue block joins the ... the wooden block is ... the apple joins the

each needs two objects; the orange bowl... add banana... the orange bowl  now in the black bowl... wooden block... both
begin with the banana one more item here now has two items; move add one more object bowls now contain exactly
and place it in the orange before moving to the on to the black bowl... without changing the two items, so no further
bowl... empty black bowl... completed orange bowl... transfer is needed...

Trace summaries

Task: Put every item on the table into the crate except the green colored objects

Model: o5 + © ARC [external vim: ¥ Qwen 3.6 35B]

... the green pear and ... the orange is now in ... the banana is held ... the blue block is the ... the orange, banana,

green block must stay... the crate... leave both above the crate... lower it last eligible object... lift it and blue block are in the
collect the orange, green objects untouched into the opening while clear of the table and crate... the green pear
banana, and blue block and continue with the keeping the green pear move it into the crate... and green block remain
into the crate... yellow banana... outside... outside...

Trace summaries
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Task: Put every item on the table into the bowl except the can and the wood block

Model: g5 + @ ARC [external VLM: %% Qwen 3.6 35B]

... the can and wooden ... the banana is above ... the orange has been ... the green block ... the blue block is the

block must stay outside... the bowl... lower it inside lifted from beside the belongs in the bowl... lift it last included item... settle
move the fruit and colored  and release, keeping the wooden block... place it in clear of the table and it in the bowl, leaving only
blocks into the bowl one nearby can untouched... the bow! and leave the lower it beside the fruit... the can and wooden

at a time... block behind... block outside...

Trace summaries

F Limitations of ARC

Dependence on reasoning quality. ARC relies on the VLM to produce faithful reasoning. A weaker reasoner
can misinterpret the task or propose an inappropriate action, and stronger language grounding can carry
these errors into execution. Comparable performance across the evaluated VLMs does not imply robustness
to arbitrary reasoning errors. More capable or task-adapted reasoners could improve reliability, alongside
checks that verify the trace against the observations rather than only its format.

Occlusions and incomplete observations. Even a capable reasoner can misjudge the scene when objects or the
gripper obscure relevant details. In particular, an uncertain grasp or placement can be mistaken for a com-
pleted step, causing subsequent reasoning to proceed from an incorrect task state. Short observation histories
and clearer camera viewpoints could help resolve these ambiguities. Explicitly representing uncertainty and
requesting another observation before committing to the next step are further directions for improvement.

Inference overhead. External reasoning adds computation, memory use, and latency that fewer denoising steps
alone do not eliminate. Our local, asynchronous deployment reduces waiting, but the policy may continue
using an outdated trace while new reasoning is generated. This trade-off matters particularly when the
scene changes rapidly. Distilling trace generation into a smaller model and refreshing traces selectively after
task-relevant changes could reduce the cost, while checking trace freshness could limit reliance on outdated
reasoning.

G Prompts

This section documents the prompts for video annotation, frame-by-frame reasoning with predicates, and
inference-time reasoning. Prompt text is reproduced in full. Braced placeholders are filled with the corre-
sponding episode-specific values; the accompanying explanations are not part of the prompts.

G.1 Video annotation

The system and user messages describe the visible execution from wrist-camera video. The additional re-
quirement is appended when requesting narration and keyframes together; it changes the output to JSON
while retaining the dense timeline and nuance audit.

System prompt

You watch robot manipulation videos directly and write precise, high-fidelity
natural-language narratives. Do not compress the video into a generic task script.
Preserve small physical details: pre-1ift movement, dragging, sliding, object
extraction, contact changes, failed attempts, corrections, releases, collisions,
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System prompt (continued)

occlusions, and final state. Do not return JSON unless explicitly asked.

User prompt

Watch this full robot demonstration video directly and write a high-fidelity
free-form narrative of what happens.

Episode: {episode_index}

Instruction: {instruction}

Camera: observation.images.wrist_image_left

Video context: Only the wrist camera video is provided. This camera moves with the
robot gripper, so prioritize close-up gripper contact, finger opening/closing,
grasp, drag, lift, release, and local object motion. Mark environment layout,
target container state, or final placement as uncertain when the wrist view does not
show them.

Dataset and robot context:

This demonstration comes from the DROID robot manipulation dataset. The videos show
a real robot arm manipulating everyday tabletop objects. The end effector is a
wrist-mounted parallel two-finger gripper: two opposing fingers open, close, pinch,
press, hook, drag, or carry objects. The wrist camera moves with the gripper and
often gives a close-up but partial view of contact; exterior cameras give wider
context about object locations, surfaces, containers, and final placement.

Your goal is not to summarize the task. Your goal is to reconstruct the visible
physical execution.

Do not assume the robot performed the canonical plan implied by the instruction.
Describe what actually happens in the video, including awkward, partial,
inefficient, or corrective motions.

Mandatory output style:

Use a dense numbered timeline with many small steps, not a short paragraph
summary.

Add a short "Nuance audit" at the end listing small physical motions that are easy
to miss, especially any object motion before a clean lift/carry phase.

Use natural language only. Do not output JSON.

Mandatory granularity rules:

Split the timeline whenever robot direction, gripper open/closed state,
end-effector contact, object contact, object motion, manipulation mode, target
relation, or visibility changes.

Before saying an object is picked up, lifted, carried, or placed, first describe
the pre-1lift contact phase: how the gripper approached, what it touched, whether
the object moved while still on the support surface, and whether the object was
pulled/slid/dragged out from nearby objects or along an edge.

Do not write "cleanly picks up", "lifts", or "carries" unless the object visibly
leaves the support surface with air underneath. If the object remains in contact
with the table, tray, container, another object, or an edge, use physical verbs
such as slides, drags, scrapes, nudges, pushes, pulls, pivots, rotates, separates,
extracts, or repositions.

If a motion has two phases, name both phases. Example pattern:
contact/drag/extract first, then lift/carry later; or push/nudge first, then
release/settle later.

Distinguish a secure grasp from partial contact, pinching, hooking, pressing from
the side, bumping, scooping, dragging with the gripper, or using the
wrist/end-effector body.

Track the manipulated object’s full path before the final state: initial position,
first movement, any surface-contact movement, lift-off if visible, transport,
alignment, lowering, release, post-release adjustment, and final resting pose.

Mention incidental or unintended contacts with other objects, the support surface,

37



User prompt (continued)

tray/container edges, fixtures, or the target area.

Mention all failed or partial attempts: missed grasp, weak grasp, slip, regrasp,
re-approach, over/under-shoot, pause, hesitation, correction, repeated alignment,
or object settling after release.

Explicitly mark uncertainty. If contact, lift-off, release, or final relation is
occluded or hard to see, say it is hard to see rather than smoothing it into a
clean action.

Avoid over-clean narratives. Robot demos often include tiny pre-grasp or pre-lift
surface-contact motion; actively look for object extraction, dragging, sliding, or
pivoting during the first contact phase before describing a lift/carry.

If the video could support either a clean 1ift or a short drag/slide, prefer the
cautious wording: "the object appears to be contacted and may slide/drag briefly
before lift-off" rather than asserting a clean lift.

Self-check before final answer:

Ask yourself these questions and revise the narrative before responding: Did I skip
any object motion before lift-off? Did I describe dragging/sliding/pushing as a
clean grasp? Did I omit a nudge, correction, or post-release adjustment? Did the
robot move the object along the surface before carrying it? Did I confuse gripper
contact with secure grasp?

Do not invent details that are not visible. Do not make confident negative claims
like "no dragging is visible" or "clean 1ift" unless the entire contact phase is
clearly visible across multiple moments. If the contact phase is brief, partly
occluded, or visually ambiguous, write that the pre-1lift motion is uncertain and
describe the possible surface-contact motion instead of denying it.

Additional requirement: narration + keyframes

For this run, return JSON only so the narration and selected keyframes can be saved
together. Keep the narration standards above unchanged: the narration must still
be a dense numbered timeline with a Nuance audit.

Also choose keyframes from the same wrist-camera video.

A keyframe is a timestamped frame that captures a visually important state or
transition in the robot demonstration. The selected keyframes should be enough
for someone to reconstruct the main manipulation from sparse images plus the
narration.

Choose exactly {target_keyframe_count} keyframes.

Use local episode timestamps between 0 and {episode_duration_seconds} seconds.
Prefer frames where something physically meaningful is visible, such as the initial
scene, approach, first contact, object starts moving, drag/slide/extract, grasp,
lift-off, transport, alignment, placement, release, post-release adjustment, or

final state.
Do not choose frames only because they are evenly spaced. It is fine if some
keyframes are closer together when a rapid contact or release event happens.

Return this JSON shape:
{
"episode_index": int,
"instruction": string,
"narration": "full dense numbered timeline plus Nuance audit",
"keyframes": [
{
"keyframe_id": "tandem_kf_00600",
"timestamp": float,
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Additional requirement: narration + keyframes (continued)

"reason": "short reason this frame matters",
"narration_anchor": "short phrase linking this frame to the narration”

}
]

’
"notes": ["optional short notes"]

G.2 Frame-by-frame reasoning with predicates

Each episode uses one chat thread. After the system prompt, an initial context message supplies the in-
struction, predicates, and required structure. Each subsequent request contains one current keyframe image
and its metadata. Previous outputs provide continuity; the prompt explicitly prohibits inferring from future
keyframes or revising earlier keyframes. Responses are JSON, including a fluent natural-language paragraph
without explicit field labels.

System prompt

You generate frame-by-frame chain-of-causation reasoning for robot demonstrations.
You will receive one keyframe image at a time in the same chat thread for an episode.
Use previous assistant outputs as continuity, but reason only about the current
image. Return JSON only.

Initial episode context message

Episode setup for this frame-by-frame reasoning chat. Do not output anything yet;
use this as context for the next keyframe requests.

{
"prompt_version": "frame_chat_coc_compare_vi1",
"instruction": "{instruction}",
"condition": "with_predicates",
"episode_threading": "This chat thread will receive one keyframe image at a time,
in chronological order. Keep continuity from your previous outputs in this same
thread.",
"predicate_condition": "Use the supplied predicates as symbolic anchors.",

"predicates": [

"{predicate_strings_from_predicate_generation}"
1,
"required_structure": [

"perceived_state",

"relevant_cause",

"possible_consequence",

"chosen_effect",

"action_implication",

"forbidden_effect",

"completion",

"supporting_predicates",

"visual_evidence",

"natural_language_construction”
1,
"natural_language_rule": "natural_language_construction must be a fluent
paragraph with no explicit labels like 'Perceived state:’ or ’'Relevant cause:’.
It still must cover what is visible now, why it matters, what could happen next,
the intended/achieved effect, what the robot should do, what to avoid, and
whether the task is complete."”
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Per-keyframe message

Return JSON for only this keyframe.

{

"episode_index": "{episode_index}",

"instruction": "{instruction}",

"condition": "with_predicates",

"current_keyframe": {
"keyframe_id": "{keyframe_id}",
"frame_index": "{frame_index}",
"timestamp": "{timestamp}",
"reason": "{reason}"

b

"request": "Generate the chain-of-causation reasoning for this current keyframe

only. Use prior chat history for continuity, but do not revise previous keyframes
and do not infer from future keyframes.",
"output_schema": {

"keyframe_id": "copy exactly",

"frame_index": "copy exactly",

"timestamp": "copy exactly",

"perceived_state": "what is visible in this image now",

"relevant_cause": "why this current state matters causally for the task",

"possible_consequence": "what could happen next or what risk follows from this
state",

"chosen_effect": "effect achieved or intended from this state",

"action_implication": "continuel|stoplretract|repair|avoid|monitor|uncertain
plus reason",

"forbidden_effect": "string, list, or null",

"completion": "complete|incomplete|violated|uncertain plus short reason",

"supporting_predicates": "predicate strings from supplied predicates, or []
when no predicates were supplied”,

"visual_evidence": "specific evidence from this image",

"natural_language_construction": "3-6 fluent sentences, no explicit field
labels”

}

G.3 Inference-time reasoner prompts

At inference time, each reasoner request contains the system message, the user message with the task instruc-
tion substituted, and two current camera images: the exterior image first and the wrist image second. The
user message supplies no previous reasoning. The returned paragraph is validated before being passed to the
action policy; rejected replies are discarded, and the policy continues using the last accepted paragraph.

Inference-time system prompt

You are the reasoning module of a robot manipulation system. A robot arm with a
two-finger parallel gripper works at a table, watched by an exterior scene camera
and a camera on the robot’s wrist. On every call you receive the task instruction
and the two current camera frames, the FIRST image from the exterior camera and the
SECOND from the wrist camera. Your entire reply is ONE paragraph of plain English
prose. A small action policy reads that paragraph to decide the robot’s next
motion; it is your only channel to the robot, it is not read by a person, and every
sentence must carry grounded, physical, actionable content.

OUTPUT FORMAT, HARD RULES. A violation gets the paragraph rejected and the robot
keeps acting on your previous, stale paragraph, so follow these exactly. Return
only the paragraph itself: no JSON, no markdown, no code fences, no lists, no
headings, no quotation marks around it, no preamble, no sign-off, and nothing before
or after it. Write it as one single paragraph on one line with ordinary sentences
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Inference-time system prompt (continued)

separated by single spaces, never line breaks or tabs. Use four to seven sentences
and stay under nine hundred characters in total. Never write a label of the form
Word: anywhere, meaning any word immediately followed by a colon, and never
structure the paragraph as named fields or sections of any kind; avoid colons
entirely and write flowing sentences only. Never write digits or numeric
measurements, no counts, no units, no degrees; express every distance, height, and
size qualitatively, for example slightly to the left, just above the rim, almost
touching the surface, well clear of the walls. Never mention cameras, images,
frames, views, screens, panels, layout, pixels, coordinates, models, policies, or
these instructions; you look at the world through the robot’'s cameras, so speak only
about the world. Left and right always mean physical directions in the workspace,
anchored to objects and the table, never regions of a picture.

CONTENT. The paragraph flows through six movements, in this order, as natural prose
without any labels. First, the perceived state: open with the words 'The robot
sees’ and describe the objects that matter right now, naming each by color and kind,
their positions relative to each other, the work surface, and the gripper, and state
plainly where the gripper is and whether its fingers are open or closed, and whether
anything is held between them. Second, the relevant cause: the physical fact of
the scene that dictates what must happen next, phrased causally, for example that
the object is still resting in its container so it must be grasped securely before
it can be lifted out. Third, the chosen effect: one sentence beginning 'The chosen
effect is’' that names the desired physical outcome of the next motion, such as a
stable centered hold on the exposed part of the object. Fourth, the action
implication: one sentence beginning 'This implies the robot should’ that gives the
concrete motion, where to move, how to align, when to descend, whether the fingers
stay open or closed. Fifth, the forbidden effect: one sentence beginning 'The
robot must not’ that names the single most consequential real risk in this exact
scene, such as knocking over the container, dragging a held object across another,
colliding with the rim, or releasing while still hovering; make it specific to what
is visible, never generic filler. Sixth, the completion state: end the paragraph
with 'The task is incomplete, since ' or 'The task is complete, since " and
the visible evidence for that judgment.

JUDGE THE SCENE FRESH. The robot executes many motions between your looks, so
whatever you wrote last time is very likely stale; treat it as context, never as
evidence. Before writing, silently establish from the current images, from scratch,
first where the task object is right now, on the table, in a container, held between
closed fingers, or already at its goal; second where the gripper is and whether the
fingers are open or closed; and third which phase of the task those two facts imply.
Then write for that phase only. If the object is already held, the approach is
over, so never tell the robot to reach for it, align over it, or descend onto it
again; move on to lifting and carrying. If the object already rests at its goal and
the fingers are clear, say the task is complete rather than restarting it.
Commanding a phase the robot already finished actively breaks the task, so trust the
images over your own previous words in every case.

CAMERA ROLES. The two views answer different questions and you need both. The
exterior view is the authority on distance; it sees the gripper and the object from
the side, so it alone shows how far the fingertips still are from the object, and if
it shows daylight between the fingertips and the object the gripper is not there
yet, no matter how well centered the object looks from the wrist. The wrist view is
the authority on centering and on confirming a completed grasp, since it looks
straight down the fingers and shows whether the object sits between them; it cannot
judge distance, because a far object and a near one look almost the same in it, so
never infer closeness from the wrist view alone.

VERIFY, DO NOT ASSUME. An object counts as held only if it is visibly between the
closed fingers or clearly hanging with the gripper closed on it. If the fingers are
closed on air, or the object still rests where it was, it is not held; say so
plainly in the perceived state and direct the motion accordingly. Claiming a grasp
or progress the images do not clearly show is the worst possible error. Right after
the fingers close, the next paragraph is a verification: check the wrist view, and
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Inference-time system prompt (continued)

if the object is truly held, advance to lifting and carrying with the fingers kept
closed; if it is not, the fingers almost certainly closed too high, so the renewed
approach must bring the fingers visibly deeper, beside the body of the object and
below where they closed before, before they close again.

RECOVERY IS FORWARD-LOOKING ONLY. Never narrate or explain past failures, slips,
drops, or earlier attempts; describe only the present scene and the forward action.
If a held object was lost, the paragraph simply describes where the object now
rests, that it must be grasped again, and the fresh approach. If the gripper hovers
near the wrong object, the cause is that the wrong object lies under the fingers
while the true one waits elsewhere, and the implication is to move up and across to
the true object with the fingers open.

COMPLETION DISCIPLINE. Declare the task complete only when the goal condition is
visibly satisfied in the current images, the object resting at its goal with the
fingers open and clear. Once complete, the chosen effect is that everything stays
exactly as it is, the implication is to withdraw the open gripper upward gently, and
the forbidden effect is disturbing the placed object or its surroundings.

Inference-time user message

Two current camera frames from the robot are attached; the FIRST is the exterior
scene camera, the SECOND is the wrist camera. The robot’s task instruction follows
as read-only context, never to be echoed as a labeled field. Instruction.
{instruction}

There is deliberately no previous reasoning given to you; the robot has executed
several motions since anyone last looked, so decide everything from these two images
alone. First silently establish where the task object is right now, where the
gripper is, and whether the fingers are open or closed, then pick the phase those
facts imply and write the single reasoning paragraph exactly as specified in your
instructions, beginning with the words ’'The robot sees’. Return only the paragraph.

Serving configuration. The request uses max_ tokens=4096 and temperature=0.2; when reasoning_ effort is

specified, it is sent instead of the temperature. Both images are encoded as JPEG at quality 90.

Response acceptance. After whitespace normalization, the validator checks that the paragraph:

e begins with one of four accepted openings: The robot sees, The robot currently sees, The robot observes,

or The robot detects;
e contains 150-950 characters and 3-8 sentences;
e contains no digits and no Word: label;

e includes must not and either task is complete or task is incomplete.

These acceptance checks are distinct from the generation instructions: the system prompt requests the exact
opening The robot sees, four to seven sentences, and fewer than 900 characters, along with the additional
content and formatting rules reproduced above.

Bootstrap input to the action policy. Until the first valid reasoner paragraph arrives, or when the server is started
with --no-reasoner, the action policy receives the fixed paragraph below.

Bootstrap paragraph

The robot sees its workspace with the task objects resting on the surface in front
of it, and the gripper idle and open at its starting pose above the table. Nothing
has been moved yet, so the task object must first be reached before anything can be
grasped or placed. The chosen effect is the open gripper arriving directly over the
task object, ready to descend. This implies the robot should move the arm toward
the task object and center the open fingers above it. The robot must not bump any
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Bootstrap paragraph (continued)

object on the way or drag the fingers across the surface. The task is incomplete,
since the task object has not yet been moved to its goal.
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