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Abstract

Vision-Language-Action (VLA) models aim to provide a single generalist controller for robots, but
today’s systems fall short for real-world deployment. Frontier models are closed; open-weight alterna-
tives are tied to expensive hardware; reasoning-augmented policies pay prohibitive latency for their
grounding; and fine-tuned success rates remain below the threshold for dependable use. We present
MolmoAct2, a fully open action reasoning model built for practical deployment, advancing its
predecessor, MolmoAct along five axes. (1) MolmoAct2 is built on top of our new Molmo2-ER, a
VLM backbone specialized for spatial and embodied reasoning, trained on a 3.3M-sample corpus with
a specialize-then-rehearse recipe. (2) We release three new robot datasets spanning low-to-medium
cost platforms: MolmoAct2-BimanualYAM Dataset, 720 hours of teleoperated bimanual trajec-
tories that constitute the largest open bimanual dataset to date; MolmoAct2-DROID Dataset, a
quality-filtered Franka subset of DROID; and MolmoAct2-SO100/101 Dataset, a quality-filtered
SO-100/101 subset. (3) We train and release MolmoAct2-FAST Tokenizer, an open-weight,
open-data action tokenizer trained on millions of trajectories across five embodiments. (4) We design a
new VLA architecture to graft the discrete-token VLM into the flow-matching continuous-action expert
via per-layer key-value (KV) conditioning. (5) we propose MolmoAct2-Think, an adaptive-depth
reasoning variant that re-predicts depth tokens only for scene regions that change between timesteps,
retaining geometric grounding at a fraction of prior latency. In the most extensive empirical study of
any open VLA to date, spanning 7 simulation and real-world benchmarks, MolmoAct2 outperforms
strong baselines including π0.5, while Molmo2-ER surpasses GPT-5 and Gemini Robotics ER-1.5
across 13 embodied-reasoning benchmarks. We release model weights, training code, and complete
training data.
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Figure 1 Overview of MolmoAct2. MolmoAct2 is a fully open action reasoning model for real-world deployment.
From a suite of high-quality robot datasets that we collect, �lter, and curate at scale across three platforms spanning the
low-to-medium cost range (left), we train MolmoAct2 and its adaptive-depth reasoning variant MolmoAct2-Think,
coupled to the VLM backbone through per-layer KV conditioning (center). The resulting models deploy out-of-the-box
on bimanual YAM, SO-100/101, and DROID Franka, and adapt to in-the-wild tasks such as cleaning up, washing
dishes, wetlab automation, and pouring tea (right).

1 Introduction

Physical intelligence is fundamentally organized around perception and action (Tversky, 2025). Rather than
reasoning over abstract internal computation, human think by constructing spatial representations, simulating
actions, and interacting with the world through their bodies (Tversky, 2019, 2013). Although we con�ate
today's robot foundation models as displaying such intelligence; from a cognitive science perspective, they
remain incomplete models of intelligence. They often lack structured spatial representations Qu et al. (2025),
rely on heavyweight internal reasoning processes that impede real-time interaction (Lee et al., 2025; Kim
et al., 2026a; Zhu et al., 2025), and are di�cult to adapt or extend due to limited openness (Black et al., 2024;
Intelligence et al., 2025).

Recent work has shown promise that reasoning processes improve performance but the improvements come at
the cost of high inference latency. Recent systems including MolmoAct (Lee et al., 2025) and others (Zhao
et al., 2025; Sun et al., 2024; Zheng et al., 2024) have shown that grounded spatial reasoning, predicted goal
images, point trajectories, or full world-model rollouts improve both action quality and interpretability. In
current implementations, however, this reasoning dominates inference latency: hundreds of tokens or entire
predicted frames must be generated before a single action is emitted; emerging world models (Kim et al.,
2026a; Zhu et al., 2025) compound the problem with heavyweight per-step rollouts. The very mechanism
intended to make policies more reliable thus renders them too slow for closed-loop control.

Reasoning, by itself, is only as good as the underlying foundation model that uses the reasoning process. Most
frontier robot policies remain closed o�; open-source alternatives are embodiment-speci�c and hard to adapt
to new tasks or embodiments. Frontier vision-language-action (VLA) models (Team et al., 2024, 2025b; Team,
2026b,a) are e�ectively closed systems: their training data, recipes, and model weights are proprietary. The
few exceptions release weights alone, withholding the data and training procedures needed to reproduce or
extend them. This opacity both impedes scienti�c progress and prevents practitioners from adapting these
models to their own robots or �ne-tuning on in-house demonstrations. The few open-weights VLAs (Black
et al., 2024; Intelligence et al., 2025) that can be run out-of-the-box are tied to expensive or specialized robot
platforms beyond the reach of most academic labs and independent researchers. This constrains not only
who can use these models, but also the diversity of settings in which they can be evaluated and improved.
Zero-shot performance remains brittle, and even after task-speci�c �ne-tuning, success rates on realistic tasks
fall well below the threshold required for dependable deployment.

We present MolmoAct2, an action reasoning model built for real-world deployment: fully open, deployable
out-of-the-box on multiple embodiments, performant, and capable of fast, interpretable reasoning (Figure 1).
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MolmoAct2 improves over its predecessor MolmoAct (Lee et al., 2025) along �ve axes vital for a strong
action reasoning model: (1) a stronger open embodied-reasoning VLM backbone, (2) new open-source training
datasets, (3) MolmoAct2-FAST Tokenizer, an open-source multi-embodiment action tokenizer, (4) a new
VLA architecture design, and (5) a new adaptive reasoning paradigm for e�cient inference.

First, we train Molmo2-ER (Sec. 2), a VLM specialized for spatial and embodied reasoning. General-purpose
VLMs rarely train on or test the embodied skills a robot policy needs: they need to understand metric distances,
free space, cross-view object tracking, and scene geometry. We address this by training Molmo2-ER on a
3.3M-sample spatial�embodied corpus using a specialize-then-rehearse recipe.

Second, existing open robot datasets remain fragmented across embodiments, uneven in quality, and too
small or noisy to support reliable multi-embodiment action learning. To support training action models
on top of our VLM backbone, we release three action datasets (Sec. 3) targeting three platforms across a
low-to-medium cost range: MolmoAct2-BimanualYAM Dataset, 720 hours of teleoperated YAM trajectories
spanning tabletop and household tasks�the largest open bimanual dataset to date; MolmoAct2-SO100/101
Dataset, a �ltered subset of internet SO-100/101 data with mislabeled and low-quality trajectories removed;
and MolmoAct2-DROID Dataset, a quality-�ltered Franka subset of DROID. For the two �ltered datasets, we
also re-annotate the language instructions for improved diversity and accuracy.

Third, existing action tokenizers are either closed, tied to speci�c action spaces, or insu�ciently documented,
making it di�cult to train reproducible discrete-action VLAs across embodiments. To make the trajectories
in our data usable under a discrete autoregressive objective, we introduce MolmoAct2-FAST Tokenizer,
an open-weight, open-data implementation following FAST (Pertsch et al., 2025). We train and release its
weights along with the millions of trajectories across �ve embodiments used to train it. MolmoAct2-FAST
Tokenizer compresses one second of 32-D continuous actions into a compact discrete sequence.

Fourth, discrete-token VLMs provide strong reasoning grounding, but their native output space is poorly
matched to the continuous, high-frequency trajectories required by robot control. A new architecture is
therefore needed to connect the discrete reasoning capacity with smooth continuous actions. We design a
new architecture that conditions each layer of the continuous action expert on the keys and values from
the corresponding VLM layer. This design is in contrast to existing VLAs with action experts in two ways.
First, we use a DiT-style transformer trained with �ow matching objective, giving the continuous controller a
modern denoising-transformer architecture that has proven more e�ective than many alternatives for di�usion
and �ow-based generative modeling. Second, instead of conditioning the expert on VLM hidden states, we
condition each expert layer on the corresponding VLM keys and values. This preserves a similar compute
pro�le while exposing the attention state used by the VLM itself, which has been shown to be more e�ective
in our ablation studies.

Fifth, prior reasoning-based VLAs improve action quality by generating dense intermediate representations at
every step Lee et al. (2025), but this repeats nearly identical computation across largely static scenes and
makes inference too slow for real-time control. We introduce MolmoAct2-Think, the reasoning variant of
MolmoAct2, which performs adaptive depth reasoning by autoregressively predicting only the tokens for
scene regions that change between timesteps. This exploits trajectory-level temporal redundancy to reduce
latency proportional to the static scene fraction while retaining the geometric grounding that signi�cantly
improves model performance.

To understand the capabilities of MolmoAct2 and assess its readiness for real-world deployment, we
conduct the most extensive empirical study of any open VLA to date, spanning 7 environment benchmarks
across both simulation and the real world. Across all of them, MolmoAct2, with MolmoAct2-Think,
outperforms every strong baseline. We show that MolmoAct2's �ne-tuned checkpoints, MolmoAct2-
DROID and MolmoAct2-SO100/101, can be deployed out of the box on their respective embodiments
without any additional �ne-tuning, signi�cantly surpassing � 0:5 (Intelligence et al., 2025) (Sec.6.2). We further
demonstrate that MolmoAct2 is built on one of the strongest embodied-reasoning VLM backbones available:
Molmo2-ER surpasses models such as GPT-5 (Singh et al., 2025) and Gemini Robotics Embodied Reasoning
(ER)-1.5 (Team et al., 2025a) on 13 standard embodied-reasoning benchmarks (Sec.6.1).

For rapid real-world deployment via e�cient �ne-tuning to new embodiments, MolmoAct2 opens large
performance gaps over strong general-purpose VLAs such as� 0:5 (Intelligence et al., 2025) not only on the
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Table 1 MolmoAct2 multimodal web data training corpus (combining data from Molmo2, Molmo2-ER, and Tulu-3).
Sizes denote the number of samples used in our mixture (we subsample several datasets to balance the mixture).
Sampling weights are the marginal proportion of each group within the non-robotics portion of the pretraining mixture.

#Samples Weight #Samples Weight

Molmo2 Dataset Molmo2-ER Dataset

Image QA 2.4M 0.115 Image Embodied QA 1.3M 0.11

Video QA 2.4M 0.092 Image Pointing 780K 0.11

Image Pointing 1.1M 0.046 Image Detection 100K 0.01

Video Pointing 370K 0.069 Video Embodied QA 703k 0.10

Video Tracking 800K 0.069 Multi-image/ Ego-Exo 700K 0.09

Captions/Long QA 1.2M 0.069 Abstract Reasoning 150K 0.04

Subtotal 8.3M 0.46 Subtotal 3.3M 0.46

Tulu-3 SFT Dataset 980k 0.08 Total 12.5M 1.0

two mainstream simulation benchmarks LIBERO (Liu et al., 2023) and RoboEval (Wang et al., 2025b),
but also on a comprehensive evaluation suite of 8 real-world tasks on the bimanual YAM setup (Sec.6.3).
Our ablations demonstrate that MolmoAct2-Think models yield further gains over MolmoAct2 while
providing additional interpretability that aids both diagnosis and performance (Sec.6.4).

MolmoAct2 is fully open in every respect, and beyond that, is capable of supporting real-world deployment
for practical tasks: we release the model weights, training code, and the complete training dataset. We aim
for MolmoAct2 to be more than an academic robotics foundation model; we want it to be a model that can
be deployed in real-world work�ows and deliver meaningful social impact.

2 Molmo2-ER

Existing VLM backbones are optimized for semantic image understanding rather than the metric, geometric,
and temporally grounded reasoning required for robot control. We develop Molmo2-ER as a strong VLM
backbone for embodied reasoning (ER). We �netune Molmo2 (Clark et al., 2026) for specialized embodied
perception skills that downstream action reasoning depends on, including scene understanding, pixel-accurate
pointing, multi-image and egocentric reasoning, exocentric correspondence, and video temporal reasoning.
Molmo2-ER outperforms every open-weight baseline as well as the strongest closed-source models, including
Gemini Robot-ER 1.5 Thinking and GPT-5, on 9 of 13 established embodied reasoning benchmarks (Table 3),
reaching an overall average of 63:8% and improving over its Molmo2 starting point by 17 points. The
remainder of this section describes the new training data we introduce for Molmo2-ER (summarized in
Table 1) and the two-stage training recipe used to inject these skills.

2.1 Training data

On top of Molmo2's original multimodal pre- and mid-training data (Clark et al., 2026), we curate a new
embodied reasoning corpus of approximately 3:3M samples spanning six complementary capability pillars:
single-image embodied QA, image pointing, image detection, video embodied QA, multi-image and ego�exo
reasoning, and abstract embodied reasoning. Each pillar is covered by two or three datasets with diverse
supervision sources (simulator ground truth, 3D-annotated real scans, template-generated QA, and a small
amount of LLM-generated chain-of-thought), so that the model is exposed to a wide distribution of spatial
reasoning phenomena rather than over-�tting to a single template style. The composition of this corpus is
summarized in Table 1; we brie�y describe each constituent below.

Image embodied QA. We assemble a mixture of image QA sources chosen to cover complementary axes of
spatial competence rather than to maximize any single one. SAT (Ray et al., 2025) supplies simulator-grounded
supervision for dynamic reasoning (egocentric motion, perspective taking, action consequences) that is hard
to harvest from static web data. RoboPoint-QA (Yuan et al., 2024) contributes general VQA breadth to
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guard against forgetting base perception during spatial �ne-tuning. RefSpatial (Zhou et al., 2025) bridges web
images, real indoor scans, and procedural simulation, and is our main source of chain-of-thought referring�the
bridge from spatial language to the pointing actions used downstream; we draw 250K multiple choice questions,
250K Chian-of-thought, and 80K pointing examples. VST-P (Yang et al., 2025c) normalizes inputs onto
a uniform virtual camera, giving metric-consistent depth, distance, direction, and size supervision (200K
single-image + 200K cross-view). VSI-590K (Yang et al., 2025d) extends coverage to in-the-wild robotics
and tour footage via 3D-grounded label propagation (200K images and 300K videos). Together these span
static/dynamic, synthetic/real, and single-/multi-view regimes.

Video embodied QA. To extend reasoning across time we pair two complementary sources. SIMS-VSI (Brown
et al., 2025) gives clean simulator labels for distance, direction, count, and temporal-order questions over
agent trajectories (203K). RoboVQA (Sermanet et al., 2023) covers the other end of the distribution: human-
annotated long-horizon embodied video targeting planning, a�ordance, and future prediction�i.e. the question
types that map most directly onto policy behavior; we use a 200K subset.

Pointing and object detection. Pointing is our primary action interface, so we deliberately oversample
pixel-accurate localization. Beyond RefSpatial's pointing split, we use the full RoboPoint procedural pointing
corpus (700K normalized�x; y� targets for object reference and free-space selection) together with its 100K
LVIS-sourced detection split (Yuan et al., 2024), which ground spatial language directly in the coordinate
format the policy consumes.

Multi-image and ego�exo correspondence. Embodied policies routinely reconcile multiple camera views and
switch between �rst- and third-person frames, an ability under-served by single-image corpora. We therefore
include SenseNova-SI (Cai et al., 2026) (500K subset), whose distinguishing emphasis is multi-image and
egocentric�exocentric correspondence (Grauman et al., 2024), together with the 200K cross-view split of
VST-P.

Abstract embodied reasoning. Finally, we add two synthetic diagnostics to harden compositional reasoning
in a low-bias setting. CLEVR (Johnson et al., 2016) (50K) targets compositional attribute�relation reasoning.
GRiD-3D (Lee et al., 2022) (100K) speci�cally isolates object-intrinsic relative direction (front/left of a
referent's own frame, not the camera's)�a frame-of-reference distinction that matters for instruction following
but is rarely labeled in natural data.

2.2 Specialize-then-rehearse training recipe

To avoid the redundant compute of re-running Molmo2's full multimodal training with our new corpus
integrated, we build on the released Molmo2 checkpoint with a two-stage specialize-then-rehearse recipe.

Stage 1: Embodied specialization. Starting from the Molmo2�4B mid-training checkpoint (Deitke et al.,
2024; Yang et al., 2025a), we �ne-tune for 20K steps on the Molmo2-ER corpus augmented with 8%
Tulu-3 (Lambert et al., 2025) text-only data to preserve language competence, using sequence length 4;200 and
a global batch size of 64 (device batch size 4 across 2 nodes � 8 H100 GPUs). This stage rapidly moves the
model onto the embodied data manifold: pointing accuracy, video embodied QA, and multi-image reasoning
all improve sharply.

Stage 2: Joint refinement. We continue training the Stage 1 checkpoint for 1 :5K additional steps on a
mixture that interleaves our embodied corpus with Molmo2's original multimodal mid-training data (general
VQA, captioning, academic benchmarks, tracking, and Molmo2 pointing). Holding the NLP rate at 8%, the
remaining 92% budget is split asp�0:92 embodied and� 1�p�� 0:92 general, with each side's internal proportions
preserved. Sweepingp " r 0:30; 0:50; 0:70; 0:90x, we �nd p � 0:5 yields the best Pareto trade-o� between the
embodied-reasoning benchmarks in Table 3 and Molmo2's general benchmarks. To accommodate the long
multi-image and long-video examples in the general mixture, Stage 2 uses a longer sequence length (16;384
vs. 4;200 in Stage 1) with per-device batch size reduced to 1; all other hyperparameters follow Molmo2.
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3 Data

Training a generalist vision-language-action model requires data that is simultaneously large in scale, diverse
across embodiments, tasks, and scenes, and high in quality. The robotics community has released several
substantial public corpora toward this goal�most notably the Open X-Embodiment (OXE) mixture (O'Neill
et al., 2024), DROID (Khazatsky et al., 2024), and a rapidly growing collection of LeRobot community
datasets contributed by SO-10x users (Shukor et al., 2025). While each is valuable, none of these resources
individually, nor their union, is su�cient for training a model intended for real-world deployment. OXE o�ers
breadth across embodiments but its constituent datasets vary widely in quality, control conventions, and
language-annotation �delity; DROID provides scale on a single Franka platform, but a substantial fraction of
its episodes contain idle segments, failed attempts, or repetitive task instructions; and crowd-sourced LeRobot
data, although rich in embodiment and scene diversity, frequently contains placeholder annotations such as
�lerobot_test� alongside genuine demonstrations (Shukor et al., 2025). Critically, no public corpus contains
high-quality bimanual manipulation data on the platform we target for deployment, and the tasks that are
covered are often collected with limited variation in scene con�guration, object instances, or spatial variation
that mimic the realistic of real-world tasks for deployment.

To close these gaps, we assemble MolmoAct2's training mixture from three complementary sources, summa-
rized in Fig. 2. First, we collect MolmoAct2-BimanualYAM Dataset, a new bimanual manipulation
dataset emphasizing task repeatability and task, object, and scene diversity across a wide range of useful
behaviors. Second, we curate and �lter two large public corpora, MolmoAct2-SO100/101 Dataset (drawn
from community LeRobot data) and MolmoAct2-DROID Dataset (drawn from DROID), using structural,
licensing, and quality-based �ltering pipelines, and re-annotate their language instructions to improve both
accuracy and diversity. Third, we co-train with a targeted subset of academic robotics data for additional
embodiment breadth, together with multimodal and embodied-reasoning data to preserve the broad visual
and linguistic competence of the underlying VLM. The remainder of this section describes each component of
the mixture in turn, together with the language re-annotation pipeline shared across our robot datasets.

MolmoAct2 is trained on a diverse set of datasets spanning robot data, multimodal reasoning, and embodied
reasoning, summarized in Fig. 2. Additionally, we collected MolmoAct2-BimanualYAM Dataset, curated
MolmoAct2-SO100/101 Dataset, and �ltered MolmoAct2-DROID Dataset for use in pre-training
and post-training. Below, we describe each dataset and detail its respective collection, curation, or �ltering
process.

3.1 MolmoAct2-BimanualYAM Dataset

To support real-world deployment, we introduce MolmoAct2-BimanualYAM Dataset, an open-source
robot manipulation dataset that emphasizes task repeatability, task diversity, and object diversity across a broad
range of useful behaviors spanning household, factory, and co�ee-shop settings. All data is collected on our
custom bimanual YAM (Yet Another Manipulator) setup, shown in Figure 3. MolmoAct2-BimanualYAM
Dataset is designed to deliver both scale and quality. It contains over 28 unique real-world tasks from folding
clothes and untangling cables to bussing tables, scanning groceries, and packing medication, each captured
with substantial variation in scene con�guration, object instances, and object placement. In total, the dataset
comprises 34.5k robot demonstrations totaling over 720 hours of robot data, collected over a two-month period.
Data collection was supported by Cortex AI, with strict protocols governing the number of permitted failure
retries and the maximum duration of no-op segments to ensure consistently high data quality. Further details
on MolmoAct2-BimanualYAM Dataset are provided in the appendix.

3.2 MolmoAct2-SO100/101 Dataset

SO-100/101 is a low-cost robotic platform from Hugging Face that is accessible to a broad community of
users. As a result, we utilize the diverse open-source SO-10x data collected by the community to improve our
model's capability for deployment in the wild (Chen, 2025). Speci�cally, we curate MolmoAct2-SO100/101
Dataset from 1,222 public LeRobot datasets contributed by 377 users. This corpus contains 38,059 robot
demonstration episodes, 19.8M frames, and approximately 184 hours of interaction data.

To prioritize quality while preserving diversity, we apply a four-stage �ltering pipeline: (i) structural validity
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Figure 2 Overview of the MolmoAct2 training data. Our data mixture combines public academic robot datasets,
MolmoAct2-BimanualYAM Dataset, MolmoAct2-DROID Dataset, MolmoAct2-SO100/101 Dataset,
multimodal web data, and embodied-reasoning data.

checks (required schema �elds, valid action/state tensors, no NaN/corrupt samples), (ii) removal of eval-style
datasets, (iii) license/codebase eligibility checks, and (iv) a �nal TOPReward quality gate (Chen et al., 2026).
In stage (iv), we keep datasets whose mean TOPReward over the last 3 sampled episodes is above a threshold
obtained by averaging the TOPReward over a collection of human-audited high-quality datasets.

The �ltered data spans both SO-100 and SO-101 embodiments, multiple camera con�gurations, varied object
manipulation tasks, and diverse real-world collection environments. Compared with centrally collected robot
datasets, this community-sourced corpus provides broader coverage of user setups, backgrounds, objects, and
task annotations, making it a useful source of embodiment and environment diversity for improving real-world
robustness.

3.3 MolmoAct2-DROID Dataset

DROID (Distributed Robot Interaction Dataset) (Khazatsky et al., 2024) is a large-scale in-the-wild robot
manipulation dataset, collected across a wide range of real-world deployment scenarios with a uni�ed Franka
robot setup. To ensure the quality of our training data, we leverage the supplementary annotations released
in the accompanying HuggingFace repository (Pertsch et al., 2024) to �lter the original DROID release.
Speci�cally, we use (i) the extended language annotations, which provide three natural-language instructions
for 95% of the 75k successful episodes, and (ii) the provided idle-frame �lter, which retains only contiguous
non-idle action segments of at least one second. Furthermore, we did language re-annotation for the �ltered
DROID dataset before using for training. The resulting subset, which we refer to as MolmoAct2-DROID
Dataset, contains 74,604 valid episodes comprising a total of 17,758,044 frames. Each episode in this subset
is marked as successful, contains at least one valid language instruction, and is free of signi�cant pauses.
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